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ABSTRACT 

Amongst the natural fibres found in museums, silk is reported to be the most vulnerable to damage, 

especially because of photodegradation of silk dyes. Deterioration of silk, on open display in 

museums, cannot be prevented, and this degradation often results in complete or partial loss of the 

silk fabric, requiring expensive interventive restorations. Research conducted, so far, in this field, 

has utilised methods that expose sensitive and sometimes rare fabric to a destructive process of 

analysis.  

The aim of this research is to develop a non-invasive and non-destructive methodology that can 

predict the remaining useful life (RUL) of silk within the controlled museum environment. The 

benefit arising from this research is to improve the decision-making process, relating specifically 

to the conservation of silk, through the application of this novel methodology and prognostic 

model. 

The prognostic and health management methodology developed in this work is applied and 

demonstrated on three chairs, originally made between 1768 to 1770, and re-upholstered with 

historically authentic silk in 1956. These chairs form part of the Shrewsbury Set displayed in the 

Great Gallery, at The Wallace Collection in London.  

This research develops upon the widely researched Prognostic and Health Management (PHM) 

approach of engineering systems, used in aerospace and for structural monitoring of built 

environments, including heritage structures. To achieve this, a new mathematical fade model is 

postulated, to predict the fading, (colour degradation) of the silk that is a function of the exposure 

to its environmental conditions, such as, temperature, light levels, and relative humidity. This is 

the first time such a model has been presented that seeks to combine these factors. A relatively 

inexpensive portable instrument was used to take in situ measurements of silk samples, from the 

chairs displayed in the museum environment. The data driven diagnostic technique adopted the 

international colour standard, such as CIE XYZ, with Euclidian distance analysis to identify the 

colour condition of the silk. Statistical data-driven prognostic techniques have been utilised to 

model cumulative degradation of the colorimetric condition data of the silk and to predict its 

remaining useful life. The diagnostic and prognostic tools presented in this research are validated 

though numerical optimisation and through demonstration examples.  
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Based on this research, the brand-new colour condition of the silk was determined to be 376.12 

and it was found that the brand-new silk would have a life of 55 years, based on the typically 

maintained museum environmental conditions. This new prognostic methodology for the silk 

colour condition in situ can be used to predict the cumulative degradation to silk fabric over 

different time horizons and under different museum environmental conditions. Sensitivity analysis 

scenarios are proposed that enable the prediction of the Remaining Useful Life (RUL) of the silk 

samples that are currently on display at the Wallace Collection.  

This novel non-invasive and non-destructive, data driven PHM methodology for the conservation 

of silk encourages timely and optimal actions based on the diagnostic and prognostic outputs for 

cumulative fade of silk in situ. This methodology can be further extended to other silk samples, as 

well as to other textiles.  
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NOMENCLATURE 

Abbreviations Definition  
 α Model Constant 
 A Constant 
AICCM Australian Institute for the Conservation of Cultural Material  
ATR - IR Attenuated Total Reflectance Infrared Spectroscopy 
ASHRAE The American Society of Heating, Refrigerating and Air- 

Conditioning Engineers 
b 
B 

Constant 
Constant 

BW Blue Wool 
𝐶 Colour condition at time t 
𝐶0 Colour of silk at time 0  
𝐶(k)  

Model predicted value silk colour with the chromometer, for silk exposed 
to environmental degradation condition (k) for model validation 

CBM Condition-based maintenance  
CCD Charge coupled device 
CIE Commission Internationale de l’Eclairage  
CIPM Certificate in Investment Performance Measurement  
CM Condition monitoring 
D Degradation 
DET Distance evaluation techniques  
DMTA Dynamic mechanical thermal analysis 
𝐸𝑎 Activation energy 
ECCO European Confederation of Conservator-Restorer’ Organisation 
EDET Euclidean Distance Evaluation Technique  
EDX Energy dispersive X-ray  
EDXRF Energy dispersive X-ray fluorescence  
FIR Far infrared 
FPA Focal plane array 
FT Fourier transform 
FTIR Fourier transform infrared spectroscopy  
GC-MS Gas chromatography-Mass spectrometry 
γ Model Constant 
GVA Gross Value Added 
HPLC High-performance liquid chromatography 
HPSEC High performance size exclusion chromatography  
HSE Health and Safety Executive 
HVAC Heating, ventilation, and air conditioning  
IEC International Electrotechnical Commission 
IR Infrared 
ISO International Standards Association 
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(k)  Super script of k is a model parameter to indicate association  
of parameter value with each sample environmental condition 

𝑘 
l 

The reaction rate represented with the Arrhenius constant k 
Constant 

m Constant 
M(k) 

 

  

The measured value for silk color with the chromometer, for silk 
exposed to environmental degradation condition (k) for model 
validation 

MS Mass spectrometry 
MGC 
𝑛 

Museums and Galleries Commission 
Linearised expression of the temperature effect 

NEDCC Northeast document conservation centre 
NIR Near infrared 
NPS National Park Service 
PAL Positron Annihilation Lifetime  
PHM Prognostic Health Management 
PoF Physics of Failure  
POL- ATR Polarised attenuated total reflectance 
RGB Red, Green, Blue 
RH Relative humidity 
RNA Ribonucleic acid 
RP Reverse Phase  
RP-HPLC Reverse Phase High Pressure Liquid Chromatography 
RUL Remaining useful life  
S1 Cumulative degradation values, product of linearised temp and RH 
S2 Cumulative degradation values, product of visible light and RH 
SDS - PAGE Sodium dodecyl sulphate polyacrylamide gel electrophoresis  
SEM Scanning electron microscopy  

SEM-EDX  
Scanning electron microscopy with energy- dispersive X-ray 
spectroscopy 

SHM Structural Health Monitoring  
T Temperature in Kelvin 
TBM Time-based maintenance  
TFSWT 
𝑇𝑟 

Two-stage feature selection and weighting technique  
Room Temperature 

TWPI Time-Weighted Preservation Index 
UV Ultraviolet 
v  Visible light 
WCCS Wiltshire County Conservation Service 
WDXRF Wavelength dispersive X-ray fluorescence  
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1.   INTRODUCTION 
 
1.1.  Overview  

 
Silk is one of most widely found organic materials in museum collections and is amongst the most 

vulnerable of materials, prone to continual degradation in the museum environment. This is often 

despite museums maintaining and using extensively engineered and expensive environmental 

monitoring systems. The cost of restoring or repairing silk to its historically accurate state is high and 

interventive repairs may lead to a loss of the authentic intrinsic value of the silk fabric. Cost effective 

conservation is a growing challenge for many organisations in the museum sector. This research 

project seeks to develop a cost-effective Prognostic and Health Management (PHM) methodology for 

determining the Remaining Useful Life (RUL) of silk kept under museum display conditions. The 

developed methodology gathers the condition data of the silk and existing environmental museum 

sensor data, (with extrapolated assumptions made where data is not available), to advance a cost 

effective and predictive modelling capability. It seeks to aid the conservator’s decision-making 

relating to silk conservation, enabling the prolongation of the RUL of samples under study. This 

introduction sets out the main aim and objectives, highlights current silk studies and the critical gaps 

in the field. The motivation for undertaking this research is also outlined, as well as the key 

contributions provided by this research. An outline of the thesis structure is also detailed.  

 

1.1.1. Fading of silk textile 

  
Museums have the challenging responsibility of safeguarding cultural and historical artefacts in their 

care. They own and host a variety of material categories in their collections, ranging from organic to 

inorganic materials. Silk is an organic material composed of cellulose and protein derived from the 

silkworm. Like all organic materials, silk is prone to deterioration due to natural aging. Silk-based 

artefacts form a significant proportion of a museum’s collection. These artefacts are found in the form 

of upholstery, costumes, tapestry, silk paintings, etc. Studies have indicated silk deterioration can 

occur in many forms, but the most common indication of deterioration is photodegradation, otherwise 

more commonly known as ‘fading’ (Liu et al., 2019). Some of key reasons for the deterioration 

process are a combination of environmental factors and usage constraints, for example, exposure to 

temperature, light, water, oxygen, pollution, bacteria, fungi, chemicals, accidental spills, moisture, 

and pests (Smith and Thomson, 2017) (Muge and Suat, 2016). Museums and Galleries Scotland 
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(2020b) further state the main environmental factors that affect the fabric in museums are uncontrolled 

temperatures; uncontrolled relative humidity levels; light levels exposure and UV level exposure. A 

recent study, done on organic objects such as textile and wood in the Tutankhamun collection, housed 

at the Giza Museum in Egypt identified the agents of degradation for organic objects such as textile 

and wood to be abnormal environmental conditions such as light over exposure, pests, poor air quality, 

and physical forces (Kamal et al., 2018). The fading of silk is mainly because of the degradation of 

the molecules of dyes used in the silk, in varying degrees, which often leads to a brittleness of the silk 

fabric. Both natural and artificial light found in museums cause significant harm to textile artefacts 

(Liu et al., 2019). Light is seen to cause cumulative damage to silk causing it to lose flexibility, making 

it fragile and resulting in shredding. Further exposure can compound the fragmentation of the silk 

fibre, eventually rendered it to a powdered state. This gradual process of degradation is accompanied 

by discoloration, fading, or yellowing of the fabric, which is usually a useful indicator of the object’s 

deterioration state (Smith and Thomson, 2017) (Vilaplana et al., 2014). The degradation of textiles is 

usually a combination of various factors and not in isolation (Smith and Thomson, 2017). Besides, 

light-induced damage, fluctuating humidity levels, and high temperature also affects the degradation 

of silk. Commonly used pigments in the dyes demonstrate increased light-induced change with 

increasing Relative Humidity (RH), (Saunders and Kirby, 2004). The extent of deterioration occurring 

in silk can also be dependent on factors such as the initial condition of the fabric, dye, pigment used, 

glues used to bind the fabric together, and display and storage conditions (Smith and Thomson, 2017). 

Previous studies in silk conservation have mainly concentrated on accelerated aging methods, which 

has its limitations, requiring samples to be subjected to extreme conditions, thus damaging the silk 

sample fabric used in the experimentation (Luxford et al. (2009). Further, there is limited study in this 

area to conclusively show a correlation in the properties between accelerated aged and conventionally 

aged samples (Vilapana et al., 2014) (Ahn et al., 2014). A detailed review of the current silk studies 

is provided in Chapter 2.  

 

Historical collections of silk are most monitored and managed by conservators, through a process of 

visual inspection and by maintaining the display environment to established museum standards. These 

standards are maintained and regulated by deploying expensive heating, ventilation, and air 

conditioning (HVAC) systems and wireless sensors. These sensors provide the numerical data and 

are checked against the museum’s documented standards defined according to the categorisation of 

the collections. These standards provide an acceptable range for the environmental conditions, within 

which the collection should be stored and displayed. However, there is active debate within the 
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conservation science community about the effectiveness of applying these strict standards (Bennet 

2019). It has been suggested that the conditions need to be determined less generally, but more 

specifically, according to the specific needs of the artefact (Sharif and Esmaeli, 2017). It has also been 

suggested that the local climate of the geographic region should also be taken into consideration. The 

standards provide generic guidance but are not informative about specific artefacts, their condition, 

or their geographical location recommendations (Kamal et. al., 2018). Boersma, et al. (2018), have 

criticised environmental standards for collections based on being a “one-size fits all” standards that 

are often unattainable or not based on evidence. Additionally, the high energy consumption costs of 

restricted and controlled environments are a major concern for the museums (Sharif-Askari and Abu-

Hijleh, 2018). A detailed review of the current museum standards and their limitations is provided in 

Chapter 2.  

The use of a Prognostic and Health Management (PHM) approach, as used in the electronics, 

aerospace, and manufacturing industry, can assist in determining the condition of silk at the present 

time and predict the future condition (Li et al., 2020) (Fink et al.,2020). PHM has been adopted in the 

maintenance and care of heritage buildings, where either a condition-based monitoring or structural 

health management approach has been used to determine the current “health” of the structure and a 

prognostic method used to forecast the structure’s Remaining Useful Life (RUL). Statistical 

modelling and predictive algorithms have been utilised to interpret historical and current condition 

data, to facilitate meaningful decisions for taking preventative action and for gaining future insights 

for the future point of failure (Edwards, 2019).  

A challenge for the PHM approach is in gathering adequate knowledge, in terms of historical data on 

the condition of the object that is being analysed. Most of the studies in silk predictive modelling use 

accelerated aging methods to extrapolate to normal conditions. These are not directly comparable to 

data relating to the natural aging of the silk in the ambient museum environmental conditions. The 

data and knowledge for current diagnostic and prognostic analysis is mainly based on accelerated 

aging techniques. There is a limited knowledgebase of studies relating to the natural aging of silk in 

regulated museum environmental conditions (Luxford et al., 2009) (Li et al., 2020). These studies 

highlight a need to undertake further research into the studying of the natural aging of silk.  

This research represents the development of a novel Prognostic and Health Management (PHM), 

methodology to determine the impact of the museum’s controlled environmental conditions on silk 

colour fade. This methodology is used to determine the rate of colour fade of the silk fabric 

upholstered on the chairs on display in the museum, and to predict the time until a predefined colour 

fade threshold is reached. This is achieved by studying the cumulative damage caused by 
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environmental conditions over a period and by collecting and analysing environmental sensor data, 

representing light levels, relative humidity, and temperature. The novel empirical exponential 

degradation model postulated helps in correlating the sensor data to the primary colorimetric 

condition-data of silk.  

This approach can aid museums by enabling the assessment of object-specific colour degradation in 

situ. The modelling predictions can be used for informed decision-making to prolong the RUL of silk. 

Thus, minimising costly reactive interventive restorations. The silk sample measured in situ, is part 

of the heritage Shrewsbury Set, housed and displayed at The Wallace Collection in London, UK. The 

developed methodology and novel degradation model can be further applied, practically, in the field 

of conservation to develop targeted condition-based methodologies for silk and by extension other 

artefacts.  

 

1.2. Research Motivation 
 

Museums have an indispensable position in heritage tourism. They provide a positive cultural 

experience for visitors, be they domestic or international, and add to the economic welfare of the 

communities that host them. According to Historic England, (2019), the heritage sector contributes 

£31 billion to the UK economy, and provides over 464,000 jobs. About 35% of UK citizens cite 

cultural heritage as the leading influencer for their holiday choices, and in 2018 £17 billion was spent 

on heritage related visits and trips. Libraries, Archives, Museums, and other cultural activities 

accounted for £2.5billion in gross value added (GVA) of the total heritage related revenue. Therefore, 

maintaining the cultural significance of the museum’s artefacts is an important factor in the 

development and growth of tourism, be it local or international, which in turn attracts investment in 

local economies, increases employment, and helps regenerate local areas (Historic England, 2019). 

Museums are unique spaces for interdisciplinary research and educational innovation. Through 

extensive exhibits and educational programmes, they provide integration of science and discovery as 

well as a locus of community engagement (Bakker, F. T. et al. 2020).  

Restorations are a form of interventive approach to the maintenance of artefacts and are commonly 

associated with significant cost. In the case of the 12 silk chairs that form the basis of this study, 

known as the Shrewsbury Set, the cost of replacing the existing silk fabric is estimated to be 

approximately £180,000. Therefore, in the case of this Collection specifically, (though equally 

applicable more generally), it is important when planning for a more cost-effective and less 
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interventive approach to conservation, to study the impact of the museum’s environmental conditions 

on the ongoing degradation of the silk that is being exhibited. 

According to Luxford and Thickett (2011), identifying the critical factors facilitating deterioration, 

and studying the natural aging processes under real conditions and timescales is difficult. According 

to the literature reviewed on silk degradation (Ahn et al., 2014), most of the studies conducted so far 

have used accelerated ageing methods. These methods expose the historical fabric to extreme 

experimental conditions, which may not be able to extrapolate to the real environmental conditions 

that the fabric is exposed to in a museum (Luxford et al. 2009). The impact of the indoor environment 

that many organic artefacts are exposed to, needs to be evaluated (Dahlin, 1995). Further studies to 

understand the impact of the museum environment on the condition of the object in their ambient 

display conditions, using environmental sensor data is required (Valach et al., 2015) (Klein et al., 

2017). Kozlowski (2018) has called for a more customised approach, taking into consideration the 

different environments for artefacts in storage, on display, as well as individual sensitivities to certain   

conditions to which the artefacts have been exposed to in their local environment. There remains an 

acute gap in the conservation literature of thoroughly documented reports on the effect of climate 

control on actual objects in museum. The emerging methodology linking collection analysis and 

numerical studies to better understand climate induced damage of specific objects has mainly focused 

on fine decorative art predominantly made from wood. Computer modelling can provide a 

quantitative assessment of museum climate-induced damage, based on visual observations and object-

based data, offering a direct measure of hazard through the evaluation of climate parameters. Thus, 

enabling evidence-based decision-making (Kozlowski, 2018).  

 

1.3. Aims and objectives of the Research 
 

1.3.1. Aim 

 
The aim of this research is to develop a prognostic and health management methodology that 

gathers environmental sensor data, including, light, temperature, relative humidity, and 

colourimetry data, together with a novel mathematical model, which is used to predict and 

minimise cumulative colour degradation of silk artefacts on display in a museum environment. 
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1.3.2  Objectives  

 
The aim of the research project will be realised by addressing the following objectives:  

1. Review and document state-of-the-art studies into conservation approaches used in 

museums, including current standards for managing textile collections. – Chapter 2 

2. Methodology – Develop a methodology that correlates environment sensor data and 

colourimeter data to develop a diagnostic and prognostic model of colour degradation. – 

Chapter 3 

3. Data Gathering – Working with The Wallace Collection, gather environmental sensor data 

and colourimeter primary data of the silk fabric. – Chapter 4  

4. Results – Exhibit the usefulness of the developed model using sensitivity analysis 

demonstration scenarios to predict the remaining useful life of the silk in the museum 

environmental conditions. – Chapter 5 

5. Museum Implementation – Document recommendations for implementing the 

methodology as part of a decision-making process for prolonging the life of the silk fabric. 

– Chapter 6  

6. Document research findings in peer-review publications. Journal paper submitted for 

publication in the Journal Cultural Heritage, Elsevier, is currently in revision.  

 

1.4.  Contributions 
 

The following are the key contributions of this research: 

 

1. Reviewed and commented on 92 published articles for silk conservation approaches, 

techniques, and instrumentation, including identification of fundamental gaps for silk 

conservation. Also reviewed and commented upon the preventative conservation 

approach for museum collections and five leading museum standards, their 

recommendations, and limitations. - Chapter 2 
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2. Developing knowledge in the form of a prognostic and health management 

methodology that incorporates a mathematical model to determine the Remaining 

Useful Life (RUL) of silk samples in-situ. Chapter 3 

 

3. Gathered and analysed environmental data from museum historical records. For 

example, archived records for care and restoration, hygrothermographs data, visual 

inspections data record and museum environmental sensor data. Non-invasive, non-

destructive measurements of colour fade of silk samples in ambient museum 

conditions with a portable colorimeter used in situ to measure primary colorimetric 

data (Direct condition data). - Chapter 4 

 

4. Validation of the developed data-driven exponential colour degradation model. The 

model can help capture the cumulative damage of the silk fabric fade in ambient 

conditions. Using optimisation, the error between the model predictions and the 

measured values for these three conditions is minimised. - Chapter 5 

 

5. The derived exponential model can help determine the cumulative degradation of the 

colour of silk by performing sensitivity analysis. The study goes on to forecast the 

remaining life of the fabric as per the current environmental conditions, as well as 

hypothesised future conditions. The prognostics regarding the colour degradation can 

potentially help museums mitigate the risk of ongoing degradation. - Chapter 5 and 

Chapter 6 

 

6. Submission of the findings of the research in a peer-reviewed journal paper. The 

journal paper is submitted for publication in the Journal Cultural Heritage, (Elsevier), 

and is currently in revision.  

 

 

1.5. Thesis Structure  
 

The thesis is structured in the following chapters: 
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Chapter 2 reviews conservation approaches within the museum sector. The museum standards for 

preventative conservation are detailed along with the limitations and issues found. An overview of 

the textile conservation is documented, followed by a detailed discussion of current studies in silk 

degradation and fade. The causal factors and indicators of fade are also discussed, relevant 

instruments reviewed, and current state of the art techniques and approaches to measure silk 

deterioration are detailed, followed by their issues and limitations.  

 

Chapter 3 details the methodology and standards that have informed the development the diagnostic 

and prognostic health management methodology to aiding decision-making within The Wallace 

Collection. The detailed mathematical model correlating the environmental factors to the silk 

condition with the help of a linearised Arrhenius and Euclidean distance model are discussed. The 

data-driven cumulative colour degradation model is detailed and discussed.  

 

Chapter 4 describes the data collected from the Wallace Collection. It includes the raw environmental 

sensor data, environmental data from museum’s archived historical records such as 

hygrothermographs data, and visual inspection data records. It also details archived records for care 

and restoration of the artefact, as well as the process adopted for measuring colorimetric data. The 

refined indirect and direct condition data is detailed and discussed. 

 

Chapter 5 discusses the application of the data driven prognostic model and the results. It illustrates 

the examples set up to demonstrate the sensitivity of the silk to the environment. The different 

scenarios developed to determine the impact of ambient conditions over time are developed and 

discussed. The predictions of fade for future scenarios and sensitivity analysis are detailed. Also 

included are the set of assumptions and limitations of the research undertaken.  

 

Chapter 6 discusses the steps involved in the Prognostic and Health Management (PHM) 

methodology, both as specifically applied in the context of the Wallace Collection, as well as 

generalised for adoption more broadly within the conservation community.  Further 

recommendations and future work are also detailed and discussed.  

 

Chapter 7 concludes the thesis with the summary of the research work undertaken for The Wallace 

Collection.  
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2.   LITERATURE REVIEW 
 

This chapter discusses conservation approaches for museum collections, including museum 

controlled environmental standards; and then goes on to review current silk conservation studies. The 

current state of art techniques and methods to measure and monitor silk fade in museum environments 

are also discussed.  

 

2.1. Introduction  
 
Museums have a significant responsibility for managing various historical, as well as near historical, 

artefacts within their collections for current, as well as future generations. Museums are culturally 

and economically significant to the UK, as they attract tourism, which is a significant driver for 

economic growth (Heritage, 2019).  Museums contribute to education and learning as platforms for 

interdisciplinary research focussed on the past, present and the future (Bakker et al, 2020). Socially, 

museums are an expression of community and civic pride (Keene, 2002). The artefacts and 

collections that museums are responsible for are in a process of continual change, caused by 

numerous factors ranging from natural ageing processes to the damage caused by display, storage, 

handling, and transportation.  

 

Conservation is the method of managing these artefacts and collections by adopting various 

techniques to sustain their intrinsic value, integrity, and aesthetics for the present as well as future 

generations (Depcinski, 2014). The Burra Charter (ICOMOS, 2013), which focuses on sites and built 

heritage, refers to conservation as, looking after a place to retain its cultural significance. Although 

the Burra Charter focuses on monuments and sites, it is applicable to artefacts and objects as well. 

The updated charter goes on to clarify that cultural significance can seem to apply to objects or places 

that offer aesthetic, historic, scientific, social, or spiritual value for the past, present or future 

generations. According to De la Torre (2013), conservation encompasses any action that is designed 

to maintain the significance of a heritage object or place. It is a process that is initiated the moment 

an object or a place is attributed to be significant, in terms of its cultural values are singled out for 

protection. Conservation can be achieved through an understanding of the significance of the artefact 

and taking action to ensure it retains its near authentic state. Timely action must be taken to counter 

the harmful effects of natural degradation, or to minimise the chance of damage. This must be 

proportionate to the severity and likelihood of the known consequences otherwise the impact would 
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be a loss of historical authenticity for generations to come (Drury and McPherson, 2008). 

Conservation is the process that involves taking direct action on an artefact or a collection to try to 

stabilise its condition and attempt to mitigate further deterioration or damage caused. Avrami, E et 

al, (2000), describe conservation as a process that is recreating consistently its product, for example, 

its cultural heritage, by accumulating the marks of the passing generations on it and trying to preserve 

authenticity. Restorative, preventative, or corrective efforts are undertaken to reinstate the artefact, 

as near as possible to the original (Atakul, Thaheem and De Marco, 2015). 

 

The International Council of Museums Committee for Conservation (ICOMCC, 2008) defines 

conservation as, “all the measures and actions aimed at safeguarding tangible cultural heritage, 

while ensuring its accessibility to present and future generations. Conservation embraces 

preventative conservation, remedial conservation, and restoration. All measures and actions should 

respect the significance and the physical priorities of the cultural heritage item.” 

 

ICOM-CC (2008) further adopted and defined the following types of conservation of tangible cultural 

heritage: 

 

• Preventative Conservation – all efforts to try to avoid and minimise future loss or 

degradation. This type of conservation does not alter the appearance but aims to modify the 

conditions the artefacts are exposed to.  

• Remedial Conservation – all efforts aimed at stopping current detrimental procedures or 

strengthening the constitution. These efforts would be carried out only when the condition is 

very fragile or is decaying at a very fast rate and could be lost in a relatively short time. These 

measures occasionally alter the appearance of the artefact or the collection of artefacts.  

• Restoration – all efforts are targeted at a single item to stabilise it. The artefact may have had 

substantial loss or damage. These efforts are aimed at trying to recreate, as close as is possible 

to the original aesthetics of the impacted artefact. 

 

However, these measures do not maintain a strict separation, as there are times when these 

conservation activities serve more than one aim and can overlap; for example, removal of varnish 

can be both a remedial action as well as restoration. Figure 2-1 provides an overview of areas of 

conservation.  
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Figure 2-1: Conservation Overview  

(Source ICOM-CC, 2008) 
 

 

The European Network for Conservation Education (2002) has documented the following   

conservation approaches to preserve collections: 

 

• Diagnostic Approach – these are mainly techniques that identify, detect and assess any decay 

in the condition of the artefact(s) and then set-in motion conservation plans for treatment. 

These also include the evaluation of the causal agents that have caused the decay and any 

remedial plans for the artefact.  

 

• Preventative Conservation – the aim of preventative conservation is to try and reduce any 

anticipated damage to the artefact(s) and to minimise the decay or deterioration caused 

naturally or through any other casual agents in the environment by optimising conditions for 

preservation. It also encompasses the production of replicas to preserve the original artefact. 

Preventative conservation has a wide remit which involves enabling the appropriate handling, 

storage and display conditions, usage as well as any transportation. 
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•  Restoration – The restoration process involves taking direct action to reduce the damage 

caused by causal agents and try to repair the artefact, returning it as closely as possible, to the 

original. Extra care is taken to maintain authenticity as far as is possible. The objective is to 

recondition the historical, artistic, and material properties to the original artefact to maintain 

a near-authentic experience. 

 

• Documentation – The aim of this process is to maintain a record of the method followed to 

restore or repair the artefact, along with the reasoning for carrying out the procedure. The 

documentation process also archives the diagnostics, handlings, and any necessities for 

specific storage and display conditions. These documents can be both pictorials as well as 

written records.  

 

2.1.1. Preventative Conservation in Museums  
Meister, (2019) defines, “preventative conservation as a holistic methodology that includes holistic 

policies, plans, procedures to mitigate deterioration and damage to objects.” The scope of the 

definition also includes any documentation and digital data management of the data that is produced 

in the process of managing the collections. Preventative conservation is the strategy used to provision 

the appropriate environmental safeguarding against known causes of deterioration of museum 

specimens and works of art (ICOM,1991 cited in Dahlin, 1995, p.57). According to Ruga et al. (2019), 

preventive conservation plays a crucial role in preserving cultural heritage, as it permits the 

continuous control of the state of the artwork. Preventative conservation, according to Caple (2012), 

learns and utilises the concepts and inventions from other industry practices and applies it to museum 

artefacts and its collections, to help preserve them. The main aim of preventative conservation is to 

retain the authenticity and have a minimal intervention approach (Forster and Kayan, 2009). Caple 

(2012) has collated a series of research studies and goes on to mention how preventative conservation 

in the museum sector has taken on ideas from other disciplines. For example, the method of oxygen-

free storage of artefacts, is taken from the food preservation industry. The storage of artefacts in 

bubble wrap has been taken from the packaging industry; heating, ventilation and air conditioning 

(HVAC) from the building industry, and environmental sensors from the electronics industry. 

However, the cost of implementing these approaches has to be considered, as the museum and the 

heritage sector have restricted financial reserves.  
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Schlanger et al. (2015), state that current issues in museum collection conservation relate to data-

driven problems, going on to state that modern conservation is a data management crisis. Museum’s 

collections are creating data in greater detail and greater volume, and there are very few effective 

ways of sharing, managing, analysing, or archiving generated data. Environmental conditions play a 

significant role in controlling the deterioration processes to which materials are susceptible to 

degradation (Bradley, 1994). Both indoor and outdoor environments have an impact on the 

collections. The aim of environmental management is to minimise the rate of degradation of an 

artefact, whilst not unintentionally compromising access to them (Ashley-Smith, 2018). Museum 

conservators are particularly interested in the impact of these environmental conditions on organic 

objects, predominantly because organic materials are among the most vulnerable to deterioration 

(Dahlin, 1995).  

According to The Benchmark in Collection Care for Museums, Archives and Libraries (2006a), a 

self-assessment checklist, “Preventive conservation consists of indirect action to retard deterioration 

and prevent damage by creating conditions optimal for the preservation of cultural heritage as far as 

is compatible with its social use. Preventive conservation also encompasses correct handling, 

transport, use, storage, and display. It may also involve the issue of the production of facsimiles for 

the purpose of preserving the original.” (European Confederation of Conservator-Restorer’ 

Organisation (ECCO) Professional Guidelines, 2002 cited in The Council for Museums, Libraries and 

Archives, 2002, factsheet 4)          

In most of the cases, the decline in the condition of the artefact is inevitable. And as such the main 

aim of the conservator is to slow the rate of deterioration as much as possible. The aim of preventative 

conservation is to decrease the deterioration and decay to the artefacts by improving and refining the 

environment they are kept in (The Field Museum, 2020). 

There are various well-established standards and guidelines for museums to manage their collections 

to the best of their ability. These benchmarks are available to museums to adopt as recommended 

standards or guidelines and it is exclusively up to the museums to adopt these guidelines. 

 

2.1.2. Deterioration Factors in the Environment of Museum Collections 
The following section provides an overview of the causal factors of decay in the objects within the 

museum environment. There are several factors that can cause decay and deterioration in museum 

collections. Understanding the impact of these plays a key role in determining the long-term 

conservation plan for the artefacts in the museum environment. The presence, of artefacts of cultural, 

social, and historical significance makes the museum environment very different from other built 
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environments as museums carry the responsibility for the preservation of the artefacts under its 

stewardship (Sharif-Askari and Abu-Hijleh, 2018). 

Based upon research undertaken by several prominent museums and research studies, internationally 

(CCI, 2017) (Smithsonian Postal Museum) (Kamal, et. al, 2018) (Dahlin, 1995), the following agents 

can cause deterioration in the museum collections:  

• Light and UV light damage – Light damage occurs when there is excessive exposure of the 

objects to natural or artificial light.  

• Incorrect humidity – Excessive humidity may cause damage; indeed, studies establish the 

potential for more damage to occur because of humidity then from temperature.  

• Incorrect temperature – Very high or low temperatures can have a detrimental effect on 

artefacts, according to the material, especially so for organic materials such as silk. 

Temperature shifts of a large magnitude may also have an adverse effect on the artefacts and 

collections.  

• Pollutants – These can be in the form of natural or synthetic liquids, gases, dust, etc that can 

accelerate the deterioration of the objects.  

• Water damage – This can occur from natural incidents, accidents, mechanical failures of 

equipment. Rainwater and floods are the most common form of water damage.  

• Pest infestation – These can cause significant damage to artefacts and can be found in the 

shape of insects, rodents, and microorganisms.  

• Fire damage – Damage from fire can destroy the whole artefact(s) and is considered the most 

significant, hence it is given an extremely high priority. 

• Neglect – This occurs when the artefacts are not provided appropriate conservation and care.  

• Visitors – The presence of humans may alter the conditions of temperature and humidity in 

the air and therefore impact the objects inadvertently.  

 

2.1.3.  Standards and Guidelines in Museum Care  
Standards and guidelines provide best practise to museum professionals for various categories such 

as collections management, object acquisition, documentation of collections, security, personnel 

management, and environmental management (International Council of Museums, 2020)  

According to Wiltshire County Conservation Service’s signposts to collection care (WCCS 2006a), 

the various areas of preventative conservation are intertwined, and if constructive actions are taken 

in one area, it has a knock-on effect on other areas. The main areas for preventative conservation 

guidelines are listed as below: 
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• Buildings 

• Storage  

• Housekeeping  

• Handling of collection  

• Objects on Display 

• Environmental Monitoring and Control  

o Relative humidity (RH) 

o Temperature 

o Light (including ultra-violet)  

o Air Pollution 

o Pests 

• Emergency Planning 

Wiltshire County Council’s (2006a) guidelines are based on the Museums and Galleries 

Commission’s standards in the Museum Care of Archaeological Collections (1992) and 

BS5454:2000 recommendations for the exhibition and storage of archival documents. These 

recommendations state, that for textiles, paper, drawings, manuscripts and photographs, the 

illumination exposure should be set at 50 lux maximum and 75𝜇 maximum for UV radiation. The 

temperature should be set at 18℃ and relative humidity (RH) at 50-60% for textiles. The allowance 

for fluctuations must not be more than 2℃  and 2% from the level fixed within the range. These 

guidelines by the WCCS are an updated version of the earlier standard provided by the Museums and 

Galleries Commission (1992), which detailed recommendations for museums to adopt to protect their 

collections. It states, that if collections were to be preserved, the museums had to reach the set 

attainable standards. The standard also defines the documentation process for recording details of the 

artefact’s preservation, including citing different conservation approaches; establishing approaches 

for examining the material’s condition; guidelines relating to the security of the museum building 

and details about the storage of artefacts. The Museums and Galleries Commission’s (1992) 

Standards into the Museum Care of Archaeological Collections provides a series of standards 

pertaining to two broad categories, a) managing collections and, b) protecting collections. Under the 

protecting collections category, a specific standard 14 for Protection Against Damage Through Poor 

Internal Environmental Conditions is detailed in Table 2-1 and Table 2-2. These guidelines are 

recommendations for the museums to adopt, for their storage and display environments, and refer to 

median set points. 
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Material 
Ambient 

Temperature  

Ambient 

Relative 

Humidity  

Decay Indicators  

Metals (non-ferrous) 

18°C  

(Min 10°C – Max 

25°C) 

50% (for part of 

mixed collection) 

35% (for 

dedicated mixed 

collection) 

- Tarnish on polished 

surfaces 

- Powdering 

Metals (ferrous) 

18°C 

(Min 10°C – Max 

25°C) 

50% (for part of 

mixed collection) 

35% (for 

dedicated mixed 

collection) 

- Fresh Corrosion 

- Weeping  

- Cracking 

 

Organic Materials  

(Bones, wood, leather, 

cotton, wool, silk, etc) 

18°C 

(Min 10°C – Max 

25°C) 

50% (for part of 

mixed collection) 

 

- Mould & Fungus 

- Cracks 

- Warping 

- Flaking 

- Shredding 

Inorganic Material  

(Pottery, Stone, glass, etc) 

18°C 

(Min 10°C – Max 

25°C) 

50% (for part of 

mixed collection) 

 

- Stone Efflorescence 

(Salts coming out) 

- Glass Weeping (Wet 

surface)  

- Crizzling- Fine cracks, 

glass becoming opaque 

- Powdering Fabric  

Waterlogged or wet store 

materials 

10°C 

Cooler and darker is 

better but always 

above freezing 

Not applicable 

- Shrinkage 

- Embrittlement 

o Drying out and 

breakdown of 

adhesives 

- Fading and bleaching 

Table 2-1: MGC Standard for RH and Temperature in Display and Storage  
(Source: Museums and Galleries Commission, 1992) 
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Materials 
Maximum 

Illuminance 

Maximum UV 

radiation 

Paper (prints, watercolours, drawings, 

manuscripts, photographs) 

 

50 lux 
75𝜇 W/Lumens 

Textiles 50 lux 75𝜇 W/Lumens 

Dyes, and inks on any support materials 200 lux 75𝜇 W/Lumens 

Undyed organic materials (leather, horn, bone, 

ivory, wood) 
200 lux 75𝜇 W/Lumens 

Inorganic materials (stone, metals, glass, 

ceramics, jewellery) enamels – all undyed) 
300 lux 75𝜇 W/Lumens 

Waterlogged materials Total Darkness Not applicable 

Table 2-2: MGC Standard for Illuminance and UV for archaeological materials   
(Source: Museums and Galleries Commission 1992) 

 

Environmental condition guidelines have used these RH and Temperature set points with strict 

fluctuation allowances. Sharif-Askari and Abu-Hijleh (2018) have highlighted the challenges 

presented by these prescribed standards recommending set points. Maintaining these standards, can 

result in high energy costs for the museum, depending on their local climatic conditions.  

 

The Australian Institute for the Conservation of Cultural Material (2018) recommends set ranges for 

temperature and RH instead of median set-points, to improve heating, ventilation, and air 

conditioning (HVAC) energy efficiency (Sharif-Askari and Abu-Hijleh, 2018). Additionally, 

AICCM environmental guidelines for Australian Cultural Heritage collections (2018), support 

sustainable practices within the cultural heritage profession by promoting low energy technology to 

reduce environmental impact. AICCM recommends that RH should remain within set ranges of 45-

55% for most of the time. They state that RH below 40% would adversely affect organic materials.  

 

Table 2-4 compares the different international standards of acceptable ranges for temperature and 

relative humidity. 
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Table 2-3: Museum’s indoor environments by different standards  
(Source: Sharif-Askari and Abu-Hijleh, 2018) 

 

However, short term (≤ 24 ℎ𝑜𝑢𝑟𝑠 ) fluctuations of ±5%   from the outer limits of the RH ranges are 

acceptable. They state that temperature should remain within 15℃ − 25℃ with an allowance for 

short-term fluctuations of no greater than 4℃, from the stated temperature range, for ≤ 24 hours 

duration. 

 

This temporary allowance of some flexibility in the temperature and relative humidity dead bands, 

allows for an improvement in the resultant energy consumption and therefore the energy efficiency 

of the HVAC systems. ‘Dead band’ is a term defined as the range around a set target point. For 

example, to achieve environmental conditions of 50% RH ± 10, 50% RH is the target point and the 

deadband is up to 60% and down to 40%. Further energy efficiency can be achieved using the set 

range as the target, instead of the median point. This may require smaller and fewer climate 

corrections and may therefore consume less HVAC energy (Pagliarino, 2019). Table 2-4 differentiates 

the standards for illumination and UV limits for indoor museum environments, ranging from very 

sensitive to insensitive objects.  
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Table 2.4: Comparison of Illuminance and UV standards 
(Source: Sharif-Askari and Abu-Hijleh, 2018)  

 

The UK Standard 2012 recommends temperature range between minimum 18℃  to maximum 24℃, 

allowing ±4℃ change during the 24 hours. Relative humidity between an average of 50% with 

allowance of ±10% change during the 24 hours. The light levels for very sensitive materials such as 

textiles, water colours, drawings, prints, manuscripts, and ethnographic objects at 50 lux. Sensitive 

materials such as oil paintings undyed leather, horn, and lacquer at 200 lux. Insensitive material such 

as metal, stone, jewellery, ceramics, and glass at 300 lux (Sharif-Askari and Abu-Hijleh, 2018). For 

the very sensitive category, which includes silk, the illuminance levels are consistent across all 

standards, excluding ASHRAE (The American Society of Heating, Refrigerating and Air-

Conditioning Engineers). Although UV levels are varied and the UK standard 2012 does not indicate 

a value or range.  

 

MGC’s standard has been updated by the Society for Museum Archaeology (Boyle and Rawden, 

2020) by identifying additional materials such as composite objects, botanical materials etc. The 

standard they document has added individual factsheets for the museums about these materials. For 

textiles, the standard recommended is as follows: 

 

• Temperature Below 10°𝐶 
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• Relative Humidity  45% − 65% 

• Illuminance  50 lux maximum 

• Ultraviolet radiation  0 − 10 microwatts per lumen (75 𝜇 W/Lumens maximum)     

 

2.1.3.1. Current Issues and Limitations of the adopting Museum Standards  

 

Managing artefacts and collections is usually reactive process and are cost intensive, hence these 

decisions are constantly being debated. Maintenance department budgets are seen as a cost centre 

and are being decreased. The argument put forward is that maintenance activities are costly, however 

it is proposed that the lack of maintenance ultimately costs more (Salonen and Deleryd, 2011). There 

is an absence of accessible and rigorous literature aimed at targeted maintenance in conservation 

(Dann and Cantell, 2007 cited in Forster and Kayan, 2009, p. 215). There is an increasing awareness 

about the relationship between maintenance and the ability to retain cultural significance, however, 

this does not seem to have been mirrored in the form of effective action. Policies need to be developed 

by organisations that would link the aims of proactive conservation with monitoring activities 

(Forster and Kayan, 2009).  

 

According to the Image Permanence Institute (2019), “Monitoring and controlling temperature and 

relative humidity (RH) in collection spaces is essential to providing adequate preservation conditions 

for collections. In many museums there has been a shift in thinking from static environmental 

management in cultural institutions – that is one in which institutions aim to achieve the same 

temperature and RH levels in collections spaces year-round – to dynamic environmental management 

in which conditions are allowed to vary within safe ranges, particularly seasonally.” 

 

The Image Permanence Institute (2019) further mentions the significance of museums monitoring 

their collections and basing their preservation approach, accordingly, stating it will not only improve 

the environment for preservation but also improve the longevity of museums’ collections. They also 

state that museum environmental management should include analysis and interpretation of the 

recorded museum environmental conditions. Utilising the knowledge gained by monitoring the 

museum environment can assist in making improvements to the environmental conditions. It 

recommends continual monitoring and analysis of the data to enable informed decision making 
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regarding its artefacts. Thereby describing a dynamic approach that can reduce decay as well as 

lowering energy costs.  

 

High energy consumption costs of maintaining the restricted and controlled environment is a 

significant concern for museums (Sharif-Askari and Abu-Hijleh, 2018). 

Further criticism of the museum standards, that recommend a strict range of relative humidity of 

50 ±  5% and for temperature within the museums-controlled range at 20°𝐶 − 21°𝐶 ±  2°𝐶 for the 

object collections, are made by (Atkinson, 2014) (Alcántara, 2002) (Sharif-Askari and Abu-Hijleh, 

2018), stating:  

• The energy consumption and impact on the museum’s carbon footprint is high if strict 

environmental conditions are maintained. Economic considerations are challenging, as the 

cost-effectiveness and affordability can be a significant obstacle for institutions that feel that 

the existing standards are too far out of reach. Climate control to a standard is at the forefront 

of the criticism, as it is perceived to be biased in favour of “rich museums.” Rising energy 

costs have meant that even well-to-do museums have pressed for a relaxing of the 

recommended values. 

 

• Additionally, there has been a tendency to make the standards an end in themselves, instead 

of a means to inform and improve the preservation of collections. 

 

• The need to balance conservation temperature ranges of the recommended standards with 

workplace environment for staff has to be carefully balanced as its the duty of the employers 

to provide a reasonable work environment. Workplace (Health, Safety and Welfare) 

Regulations (HSE, 1992) suggests 16°𝐶 as the acceptable reasonable temperature for staff 

in the workplace, whereas the updated standard by the Society for Museum Archaeology is 

for textile’s to be maintained in an environment below 10°𝐶 (Boyle and Rawden, 2020).  

 

• It has been suggested that the conditions need to be determined by the needs of the artefact(s). 

It has also been suggested that the local climate of the region should be taken into 

consideration in establishing standards. 

 

Kamal et. al., (2018), Sharif and Esmaeli (2017) have critiqued current museum standards for organic 

based artefacts category as being too wide a range and have proposed the development of a more 
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customised approach that involves a targeted monitoring of organic-based artefacts to choose the 

best-suited combination of environmental conditions for the artefact’s condition. Further, Boersma, 

et al, (2018), too have criticised the general “one size fits all” approach to environmental 

specifications for collections. The authors state that these standards need to be based on evidence and 

are quite possibly unnecessary. There is active debate about standards, particularly for artefacts that 

have multi component aspects. For example, artefacts that comprise of part-metal and part-textile 

may have different preservation requirements. Maintaining the recommended internal climatic 

conditions for collection care has been questioned for its efficacy, particularly for multi components 

artefacts (Kamal et. al., 2018).  

A study by Atkinson (2014) provided a detailed review of strict museums environmental standards. 

It found that stable environments benefit artefacts particularly those composed of hygroscopic 

materials. However, the study also found that similar materials did not seem to suffer, when 

acclimatised to local environments and fluctuating conditions. The study recommended further 

research into the understanding of individual artefact behaviour, when kept in strict climatic 

conditions, to determine the impact.  

 
2.2. Textile Conservation Studies in Museum Environment 

2.2.1.  Introduction   
Objects curated in museum collections are constituted from a broad range of materials, including 

inorganic material such as pottery, stone, glass, as well as organic materials such as textile, paper, 

leather, and wood (Museums and Galleries Commission, 1992). Textiles form a specifically 

significant portion of heritage assets in museums (Dahlin, 1995) and are most found in collections of 

upholstery, tapestry, costumes, and paintings. 

 

The factors significant to the deterioration of textiles, as discussed in section 2.2.2.1, are relevant to 

consider further. 

2.2.2.  Degradation of textiles  
Many studies have been conducted to understand the causes of deterioration in textile-based artefacts. 

According to Smith and Thomson (2017) the types of textiles can be defined in three distinct groups; 

natural, restored (treated), or man-made. The physical structure and the chemical composition of each 

vary, and hence, the degradation, when exposed to factors previously discussed, can also be seen to 

vary. The deterioration of textiles is because of the continuing breakdown of their long chain fibre 

molecules into shorter chain, manifesting itself in a brittleness of the textile, and associated loss of 
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strength and sometimes decolourisation of the material. Other manifestations of degradation are seen 

in a flattening of the material fibres, shredding, and sometimes fragmentation of the fabric, seen as 

tearing of the material (Smith and Thomson, 2017a) (National Park Service, 2002).  

 

The degradation of textile is usually a combination of various factors and not one in isolation. 

Environmental factors are significant in the deterioration process, for example, heat, light, bacteria, 

fungi, chemicals, accidental spills, water, moisture, and pollution (Smith and Thomson, 2017a). 

According to the Museums and Galleries Scotland (2020b), some of the main environmental factors 

that affect fabric in museums are uncontrolled temperatures; uncontrolled relative humidity levels; 

exposure to light; UV exposure; footfall and pests.  

 

2.2.2.1.  Pathways of Degradation in Textile  

  

The main forms of degradation pathways (National Park Service, 2002) (Smith and Thomson, 2017), 

(Vilaplana et al., 2014) (Brzozowska et al. 2018) are detailed here:  

 

• Hydrolysis – The chemical breakdown of a compound due to reaction with water. 

 

• Oxidation – The presence of oxygen naturally degrades textiles, resulting in overall 

brownish discolouration on white- or natural-coloured textiles  

 

• Photodegradation – This involves the alteration of the textile by light. Light exposure can 

cause dyes to fade and undyed textiles to either bleach or darken. The degradation process 

involves oxidation and hydrolysis to alter the state of the material and therefore requires 

sunlight or any artificial light along with water to enable the degradation. Light damage is 

cumulative and irreversible (National Park Service, 2002b).  

 

• Biodegradation – This is the decomposition of the material by bacteria, fungi, or other living 

organisms. As the material ages, the process of oxidization, (principally, a change in the 

chemistry of the material), takes place causing an increase in the sources of carbon, nitrogen, 

and other elements that are attractive nutrients for microorganisms. Factors responsible for 

the rise of microorganisms in a textile, relate to its chemical nature, environmental 

conditions, light intensity, and favourable humidity. 
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• Abrasion – The loss of material by the process of scraping or wearing it away. 

 

• Shredding – The loss of fabric by tearing or fragmentation as result of a loss of the materials 

elasticity.  

 

2.2.2.2. Environmental Agents of Damage and their Impact  

 
To identify damage in textiles, it is important to understand the fundamental causes of the 

environmental factors mentioned in section 2.3.2. and to be able to identify the indicators of damage 

(Wiltshire County Council Conservation Service, 2006) as follows: 

 

• Light Damage - It has been seen that both natural and artificial light found in museums cause 

the most harm to the textile artefacts as light enables the photodegradation process to activate.  

 

o As a result, the colours in the textile become pale and dull and over time become 

fragile, shredding easily. The colours blue, green, and purple of the nineteenth-century 

textiles seem to be extra suspectable to fade. Fading or discolouration is most 

identifiable result of over exposure to light. Discolouration or yellowing of the fabric 

usually a useful indicator of the object’s deterioration and may result in structural 

damage to the fabric in the long-term (Museums and Galleries Commission,1992) 

(Dahlin, 1995). 

 

o Damage caused by light in textiles happens progressively. The objects tend to lose 

flexibility, reduce strength, and then become fragile leading to shredding and 

fragmentation and eventually powder. (Museums Galleries Scotland, 2009b) (Dahlin, 

1995).  

 

• Temperature and Relative Humidity – These environmental factors can cause significant 

damage to textiles, specifically if there are extreme fluctuations in the museum environment 

the objects are housed. Some of the textiles in the museums are dyed or are covered with 

coatings on their fibres. These coatings can expand and reduce due to extreme conditions of 

heat and moisture, resulting in damage.  
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o If the objects are exposed to high humidity in the environment, mould and mildew 

growth can grow on the textiles.  

 

o If the objects are exposed to low humidity in the environment, it can cause the drying 

of the fabric, resulting in brittleness, splitting and other alterations. Materials that are 

made of a thicker consistency dry out faster from their surface causing distortions.  

 

o If the objects are exposed to fluctuating temperatures in the museum environment, it 

can cause textiles to fray, shred, and fracture (Carter and Walker 1991).  

 

o Mould are micro-fungi that tend to thrive in humid environments and can cause 

permanent staining and decay of textiles. Once moulds are found on the fabric, they 

can quite swiftly break down the fabric strength (Museums Galleries Scotland, 2009).  

 

• Dust, Dirt, and other Pollutants – These agents of deterioration are in particulate or gaseous 

form and can cause breakage of the threads of the fabric by lodging between the fibres.  

o Dust disfigures, dulls, and stains textiles. Dirt and dust also contain a high proportion 

of silica. The sharp surfaces of silica can cut and abrade textile fibres, especially when 

the fibres expand and contract in response to RH fluctuations (National Park Service, 

2002). 

o Dust has been seen to exert a grinding (friction) force on the fibres of the textiles. It 

has also been seen to attract pests.  

o Sulphur dioxide bleaches, discolours and embrittles textiles and hydrogen sulphide 

can lead to a darkening of the pigments in the presence of water. Formaldehyde in 

paints, carpets and varnishes can adversely affect dyes in textiles (National Park 

Service, 2002). Ozone, sulphur dioxide and nitrogen as the most hazardous chemical 

and gaseous pollutants (Sharif-Askari and Abu-Hijleh, 2018). 

 

• Materials in contact with the textiles – Harm can also come from materials which come in 

close contact with other materials such as chemicals used in varnishes, dyes, paints, inks, etc.  

o The impact of incompatible materials on the textiles, can result degradation. For 

example, certain metals that may contain iron could react with moisture in museum 

air and cause rust. This rust could in turn stain the fabric and eventually damage it 
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permanently. Further, poor quality material in contact with textiles can cause damage 

because of their causing chemical reactions, resulting in the textiles becoming 

discoloured, dull and embrittled (Museums Galleries Scotland, 2009).  

 

Stabilising the artefacts in their care, is the primary objective of the conservation process. Such 

stabilisation is made harder, as the deterioration process can be inherently unpredictable, for example, 

slowing until it reaches a threshold where the deterioration equilibrium is disturbed, and the 

deterioration reaction gathers momentum. Temperature and moisture affect the rate at which these 

reactions proceed, hence environmental factors play a crucial part in regulating the degradation 

mechanisms to which the artefacts are susceptible (Bradley, 1994).  

 
 
2.3. Silk Conservation Studies  
 

Textiles, in the form of silk, are found in numerable objects such as paintings, upholstery, tapestry 

and costumes. 

 

Silk is an organic material produced by silk moths belonging to the Bombycidae family, the most 

significant of which, to the production of silk is the Bombyx mori, a domesticated silkworm (May 

and Jones, 2006). As silk fabric is a natural material made of protein, it is susceptible to damage by 

heat, light, microorganisms, pollutants, and chemicals (Muge and Suat, 2016). As such, silk remains 

prone to the impact of the textile degradation factors discussed in section 2.3.2. and the further 

subsections 2.3.2.1. - 2.3.1.2.   

 

There have been multiple studies on the degradation of silk, at the molecular and macroscopic level, 

deliberating on the structural and molecular level breakdown of the silk fabric. Other studies have 

focused on photodegradation and the alteration of silk material by light. Further research has 

investigated the fading of dyes and pigments found in silk samples, because of the exposure to 

environmental conditions. These studies have mainly adopted accelerated aging techniques to 

identify degradation (Vilaplana et al., 2014). Duxbury (1994) detailed the following factors that 

govern the fading of dye, 

(a) the ability of the substrate, or residual solvent within the substrate, to donate electrons or hydrogen 

atoms to the dye and (b) the degree of dye aggression (c) the physical and chemical structure of the 

substrate.  
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2.3.1. Molecular and Structural Silk Studies  
 
Muge and Suat, (2016), have studied silk degradation at a molecular level by use of ‘proteomics’. 

Proteomics is an interdisciplinary study of proteins and is used to examine protein degradation in silk 

at a molecular level. This technique uses proteomic tools such as mass spectrometry to study protein 

oxidation. Similarly, Li et al., (2019) studied the changes in the structure of silk protein by thermally 

aging silk and modern silk samples to observe the degradation process by ATR-FTIR and SDS-

PAGE. The proteomic method requires the preparing of silk proteins by a process of destructive 

analysis. This research found that the solubility of silk proteins varied between ancient and modern 

silk, finding the former’s solubility to be much higher than that of ancient silk. Other silk studies such 

as Cao and Wang (2009) have focused on the structural and molecular weight of the silk fibroins to 

discover its degradation behaviour for medical usage such as biodegradable sutures. Ramgopal et al., 

(1997) used the positron annihilation lifetime technique (PAL), an invasive approach to study the 

effect of ultra-violet (UV) irradiation on the microstructure of the most found bivoltine, an Indian 

silk fibre. Lifetime results in the early stages of UV irradiation found that the chain scission led to 

free radical formations. Longer irradiation led to crosslinking and the study concluded bivoltine silk 

type I changes into more ordered silk II on longer irradiation. Thus, successfully probing structural 

modifications in the silk fibres under thermal treatment.  

 

Brzozowska et al., (2018) tried to address the need for greater in-depth microbial study of historical 

textiles. The study conducted investigations on the impact of airflow on the microbial diversity for 

several silk and velvet masterpieces, on display at the Palace of Wilanow, in Poland. The study 

utilised a sequencing of 16SrRNA amplicons and found that this method did not have the 

discriminatory capability to provide a comprehensive analysis of the biodegradation of the museum 

objects. The study found the historical silks to be resistant to conservation procedures. Gutarowska 

et al., (2017), investigates the biodeterioration of historical material resultant from their chemical 

composition. The study reviews the current techniques of analysing the mechanical properties of 

textiles. Natural fibres are made up of plant cellulose or animal protein and are susceptible to 

microbial degradation if exposed to high humidity. It is unfortunately the case that most pre-described 

analytical methods are invasive by nature, requiring a sizeable sample piece of the textile. The study 

identifies a need for non-invasive techniques for biodeterioration analysis. Ruga et al., (2019) 

researched the impact of fungal particles on historical assets and utilised aerobiological volumetric 

monitoring. The research analysed fungal spores, which are most frequent and commonly associated 
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with biodeterioration of organic and inorganic artefacts in museum. The study provided knowledge 

about the high-risk environment based on the volumetric sampling and qualitative analysis of the 

airflows in the museum.  

 

Liu et al., 2019, studied photodegradation of silk fibres by examining the interactions between sericin 

and fibroin. FTIR spectroscopy analysed the breakdown of the peptide bond in the silk fibres, when 

irradiated with UV light, with one sample immersed in water at 38°𝐶 and one without. The 

mechanical properties were analysed using tensile stress strain curves. The study concluded that, as 

the aging time increased, the rate of degradation increased in the sample immersed in water, 

compared to fibres irradiated without water.  

 

2.3.2. Photodegradation Studies on Dyes and Pigments 
 

Dyes are variable in their behaviour and their lightfastness depends on the depth of dyeing and on 

the environmental factors (Padfield and Landi,1996). Light fastness of dyes greatly depends upon the 

mordant and the fibre to which it is applied, as well as how heavily it is applied. If it is lightly applied 

to give a pale tint, it fades much faster. The authors further recommend colorimetry as a very accurate 

method of fade measurement and recommend that the exact colour of dyes should be recorded before 

being displayed (Padfield and Landi, 1966). The loss of colour in silk is mainly because of 

degradation of the dye molecules to varying degrees. Ahn et al (2014) have studied the fading of 

three different natural silk dyes with accelerated techniques of thermal heating, through the exposure 

of the silk material to high temperatures (of 100°C). The study found that certain dyes such as alizarin 

and purpurin were more resistant to degradation possibly due to the large deposits of chemical 

aggregates. The result was verified by the CIE colour difference measurement (∆𝐸) of the artificially 

degraded silk dyes with individual dye solutions.  

 

Colombini et al., (2007) stated that identifying dyes in old textiles is a difficult task because of the 

complexity of the degradation processes undergone by the organic molecules of dyes. The research 

describes an analytical procedure based on gas chromatography and mass spectrometric detectors 

(GC-MS), to identify the material used in natural dyes of tapestry dated around the mid to the late 

19th century. The method is based on solvent extraction of the yellow dyes from raw materials of 

aged and not aged samples for comparison. Reverse Phase High Pressure Liquid Chromatography 
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(RP-HPLC) has been combined with a spectrophotometric UV-Vis detector to recognise patterns of 

changes in the dye structures. GC-MS requires samples and is a destructive analytical technique.  

 

Studies done on understanding the effect of varying levels of relative humidity on pigments used in 

historical fabrics, have indicated that the higher the relative humidity levels, the greater the degree of 

colour change observed in pigments found in the dyed fabric, for a given light exposure level (Giles 

et al. 1988 cited Saunders and Kirby, 2004, p.64). Figure 2-2 below indicates the general trend of the 

cumulative damage on the pigments of the fabric, as the light and RH are increased, the fade increased 

monotonically. 

 

 

Figure 2-2: Cumulative damage on artist pigments   

(Source: Saunders and Kirby 2004) 
 
It was also noted that the dyed silks kept in the dark were mostly unaffected. Supporting this, evidence 

in previous studies on kermes and cochineal-dyed silks, also indicated that the degree of fading is 

directly proportional to the increase in relative humidity (Giles et al. 1988 cited Saunders and Kirby, 

2004, p.64). Commonly used pigments in the dyes demonstrate increased light-induced change with 

increasing RH. The research also found that some pigments are not affected by the increase in relative 
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humidity and similarly others were also less vulnerable to light induced degradation. Besides high 

RH, there are other degradation changes that take place and are dependent on the presence of water, 

the passage of dissolved salts or conditions of unusually high pH found especially in certain wall 

paintings particles (Saunders and Kirby, 2004). Bradley (1994) states that all organic materials such 

as silk, paper, and wood are significantly affected by fluctuations in relative humidity and 

temperature. This fluctuation causes them to expand and contract, thus putting a strain on the fibre 

causing warping, flaking, and structural deterioration. Silk also suffers structural deterioration from 

UV and visible light. Some of the pigments fade on exposure, and some undergo a chemical change. 

Vasileiado et al., (2019) studied the effects of UV-induced degradation of wool and silk dyed with 

shellfish purple. The UV induced changes to the molecular structure of the sample with resultant 

chemical changes was evaluated using colorimetry, HPLC-DAD, scanning electron microscopy 

(SEM) and FTIR spectroscopy. The study found that upon exposure to intensive UV light, the dye 

changed structural, chemical, and visually. The study observed rapid decrease in the shellfish 

compounds in the early stages of exposure, whereas longer exposure had minor effect. 

 

2.3.3. Accelerated Aging Silk Studies  
 
As previously described, historical studies conducted into silk degradation have, for the most part, 

used destructive analytical methods for studying deterioration of silk samples. Examples of these 

destructive methods are viscometry, high performance size exclusion chromatography (HPSEC), 

dynamic mechanical thermal analysis (DMTA), and sodium dodecyl sulphate polyacrylamide gel 

electrophoresis (SDS-PAGE) (Wang &Wong, 2019). Luxford et al. (2009) have also used accelerated 

aging to determine the effects of relative humidity and temperature on historic silk by examining the 

mechanical properties and molecular weight with the Arrhenius equation. Their findings, 

extrapolated from the accelerated aging, is that light (excluding UV) is not a critical factor, but high 

elevated temperatures, combined with relative humidity, results in a significant deterioration in the 

silk textile.  

 

Zhang and Yuan (2010) artificially degraded modern cultivated silk through accelerated light, heat, 

and hydrolysis experimentation. The study assessed the potential for viscometry for quantitative 

assessment for silk degradation by comparing it with tensile strength testing. The study concluded 

that this was useful technique to detect small changes in silk molecular weight due to degradation. 

However, the study further highlighted tensile strength testing required sampling and preferentially 
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large samples. This was found to be unsuitable for ancient silk textiles. On the other hand, viscometry 

was seen to be effective and less destructive as it required a smaller sample size.  

Zhang et al., (2011) studied the tensile strength of the silk fabric by subjecting the samples to artificial 

heat and moisture by means of amino acid analysis. The research studied the tyrosine content to 

assess the condition of the silk by artificially aging the raw silk. These studies done in silk degradation 

have used accelerated aging methods to study the silk deterioration, requiring samples to be subjected 

to extreme conditions, thus damaging the silk sample fabric for experimentation. del Hoyo-Meléndez 

et al., (2012) utilised micro-fading spectrometry, which combines visible reflectance spectroscopy 

and accelerated light aging, to study the light fastness behaviour of dyes. The study also assessed the 

use of BW standard reference scale as an alternative to light ageing assessment. Koperska et al., 

(2014) (2015) also studied silk degradation by artificially aging the samples to a temperature of 

150°𝐶, while exposing them to various environments of oxygen, volatile organic products, and water 

vapour respectively. This study examined the oxidation process in silk. The study indicated water 

vapour and oxygen as having the most significant impact on silk degradation in the artificially aging 

experiment, in both photo and thermo-oxidation. For this study, ATR-FTIR spectroscopy was used 

for monitoring structural damage.  

 

Luxford and Thickett (2011), conducted accelerated aging experimentation to study critical 

environmental factors causing deterioration of heritage silks on open display in historic properties. 

The environmental parameters such as light, relative humidity, temperature and UV light, and their 

extrapolation to real museum data was demonstrated. The Arrhenius approach was adapted to apply 

to solid material, informed by its use in paper and photographic conservation studies. The 

deterioration caused by accelerated aging can be relayed to an equivalent display time, under the 

same relative humidity. The study proposed an accelerated aging methodology for preventative 

conservation for silk. Furthermore, they questioned the validity of the inference linking accelerated 

aging data to natural aging conditions. Additionally, they highlighted the complexity of the large 

number of variables to extrapolate the magnitude of the change. They called for further studies to 

consider the impact of museum environmental conditions for samples on open display. Accelerated 

aging experiments are useful to understand the degradation mechanism of the samples, but their 

influence must be considered with precaution (Vilaplana et al., 2015). 

 

2.3.4. Non -invasive Silk Studies  
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Using non-invasive analysis is key to silk conservation and developing a better understanding of 

materials and methods is central to advancing the conservation of textile artifacts (Thomson et al., 

2017). The majority of analytical techniques require mounting or embedding samples. This is 

problematic when since many silk artefacts are on display, and sampling in this way causes damage 

to the original artefact and may require it to be taken out of display. 

Some of the key analytical techniques as detailed in Figure 2.3 indicate the optical and chemical 

analysis undertaken for textiles.   

 

 

Figure 2-3: Optical and chemical analytical techniques for textile conservation 

(Source: Thomson et al., 2017) 

 

Thomson et al, 2017 provided a detailed review of the analytical techniques and their ease of use. 

Wang and Wong (2019), tried to move away from destructive invasive methods by using scanning 

electron microscopy (SEM) coupled with energy- dispersive X-ray spectroscopy 

(SEM-EDX) to analyse silk and adhesive samples taken from the Stein Collection of the British 

Library. Although accelerated aging of the samples was done using minor silk samples, the study 

suggests the use of a combination of invasive and non-invasive techniques to help contribute to the 

long-term conservation of silk. SEM produces images by detecting secondary electrons which are 

emitted from the surface due to excitation by the primary electron beam. The drawbacks are that 

firstly, this technique requires an expert to be able to generate the raster images and to interpret them 

effectively and secondly, that SEM is costly to purchase and use (Thomson et al., 2017b). Further 

review of the analytical techniques by Smith et al., 2017 provides a detailed insight into vibrational, 

X-ray spectroscopic and chromatographic analytical techniques.  

 

Del Hoyo-Melendez and Mecklenburg (2012) used micro-fading spectrometry, which combines 

accelerated light aging with visible reflectance spectroscopy to study the effect on dyes used in silk. 

This technique was found to generate quicker results when compared to traditional techniques, which 

required longer exposure to light. The lightfastness was compared to a standard reference Blue wool 
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scale standard. This research used a micro-fading spectrometer, consisting of a reflectance 

spectrophotometer coupled to an accelerated light fading micro tester. Clementi et al., (2006) used 

non-invasive techniques to study natural dyes that occur in silk and wool artefacts. Laboratory 

samples of silk and wool were analysed with a portable non-destructive instrument to measure 

fluorescence spectra in the orcein-dyed silk tapestry. For the chromatographic analysis the original 

tapestry threads from the reverse of the tapestry were used to extract the dye for comparison.  

 

Figure 2-3 illustrates organic dyes are markedly dependant on the microenvironment and both the 

thread and the dye are photodegradable, and the extent of the photodegradation is dependent on dyes 

of different substrates. 

 

 

Figure 2-4: Colorimetric ΔE as a function of the irradiation time for an orcein-dyed silk  

(Source: Clementi et al, 2006) 

 

The results of spectrophotometry and fluorimetry are reliable but needed to be integrated with 

complementary experimental approaches. This approach had a limitation when the colour of the 

threads was mixed and the colours could not be isolated (Clementi et al., 2006). Sharif and Esmaeili 

(2017), studied the chemical effects of improper temperature and relative humidity on Buyid silk for 

degradation using Time-Weighted Preservation Index (TWPI). The findings presented did not 

mention an exact number of years in the permanence of the life of the object, but a comparative 

measure between different storage conditions and various combinations of temperature and relative 

humidity. The study found the permanence of the silk object is more sensitive to temperature than 
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relative humidity. The results of the sensitivity analysis show that a decrease in 1°C increases the 

permanence by 11 years, but a decrease of 1% in relative humidity had an increase of only 2 years.  

 

May and Jones (2006) indicated the sensitivity of silk to a variety of environmentally induced 

degradative processes and Vilaplana et al., (2014) further discussed the need to understand the 

environmental causal factors and the deterioration level in the silk fabric, to help in decision-making 

for the preservation of silk. It was important to understand the impact on silk through aging and to 

find dependable diagnostic indicators for monitoring the degree of degradation of the silk fabric. 

These diagnostic indicators could help museums to assess the condition of the silk artefacts, whether 

they should continue to be exhibited or choose other preservation options.  

 

This is also confirmed by Muge and Suat (2016), who found that silk textiles in museum collections 

undergo continual photodegradation even after careful attention is paid to the display museum 

environment, and textiles rarely survive their useful lifetime. Wang and Wong (2019), also reiterated 

in their conclusion the importance of preventative conservation approach rather than remedial 

approach for long term conservation of silk. A practical example, of the application of these findings 

can be seen by Kamal et al (2019), in their recent review of the collection of King Tutankhamen at 

the Grand Egyptian Museum, where they deployed a targeted object-based preventative conservation 

approach for object display. 

 

2.3.5.  Limitations of current silk aging studies  
 
Although the above studies for silk have focussed on accelerated ageing methods to study degradation 

and have provided valuable insight to the field of textile conservation, these methods require available 

samples. Frequently, this approach is not practical or possible where rare, valuable, historical 

artefacts are concerned. Often it is impossible to extract a sample from historical furniture, without 

damaging the fabric (Zhang &Yuan, 2010). Erhardt & Mecklenburg (1995) highlighted the issue of 

accelerated aging and its implications when compared to natural aging. They conclude that the results 

from the accelerated aging method do not necessarily simulate natural aging, and that it is not always 

valid to compare aging conditions. 

Saunders and Kirby (2004) point out that aging experiments are usually of short duration as compared 

with the natural aging of most silk materials, and therefore the degradation seen in the accelerated 

aging sample of silk, is not necessarily comparable to that seen in the natural aging of silk. The silk 

dyes and pigments vary significantly from sample to sample with the result that the make-up of the 
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original silk samples does not necessarily correspond to the samples used as surrogates for 

experiments. The changes seen in the accelerated experimental samples arise from a different 

chemical reaction. The authors stress the importance of not relying too much on results of these 

accelerated experiments. Luxford and Thicket (2011), reiterate that there isn’t a standardised 

universal method for accelerated aging to compare the various silk studies. They go on to question 

whether accelerated ageing conditions can be extrapolated to the aging process which occurs 

naturally and go onto question the validity of as these short-accelerated research studies, as compared 

to studying natural ageing of silk in real time. 

 

A recent study done by Shahid, et al., (2019) researching dye analysis for historical textiles, has 

reiterated the need for minimally invasive or non-destructive techniques in the cultural heritage 

community, which is in accordance with preservation principles of historical objects; thus, looking 

to limit destructive analysis sampling. Luxford et al., (2019) highlight the need for a balance between 

care of the artefacts on display and the use of material for sampling, and therefore state that the need 

for large samples to be tested in laboratory conditions is counterproductive. They see micro-sampling, 

(the use of minimal samples of fabric – for example, using silk fibres as opposed to larger samples 

of material), as an acceptable alternative, but state that more research into non-destructive techniques 

for analysing in situ is required. Gutarowska et al. (2017), explain that most of the applied analytical 

techniques and methods are destructive and invasive; thus, unsuitable for historical objects. The most 

important requirement for analysis in this area is non-invasiveness. 

 

Masciotta et al., (2019) presented a sustainable conservation strategy for protecting cultural heritage.  

The protocol recommended is as detailed in Figure 2-4 and Figure 2-5 

  

Figure 2-5: Four Phases of the HeritageCare Methodological approach 

Source: Masciotta et al., (2019) 
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This methodology focuses on heritage buildings and architectural asset categories as the research 

revealed a lack of a uniform and standardised method for documentation and management of cultural 

heritage. The protocol is defined as follows.  

 

 

Figure 2-6: HeritageCare Protocol  

Source: Masciotta et al., (2019) 

 

For the heritage asset being monitored, the Protocol applies a 4-point rating system, which initially 

assesses the severity of observed damages, how these damages are measured, and the causal factors. 

A final grade is computed from the weighted sum of the assessed damage. The output of the Protocol 

is a scored condition and risk index for the asset, allowing conservation to be prioritised. To obtain 

high resolution information digital tools such as laser scanners, 3D data modelling, web enabled 

platforms and a mobile-based application are recommended.  

 

2.4. Instruments Used for Silk Studies  
 
The key techniques currently being used for silk conservation are reviewed in this section.  

2.4.1. Colourimeter 
A colourimeter is an instrument designed to measure, capture, and communicate colour (Choudhary 

2014). It provides data such as the tristimulus values X, Y, Z or CIE values for standard illuminants. 

A colourimeter mimics the human eye-brain perception to perform a psychophysical sample analysis 
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using a set illuminant. The tristimulus filter isolates a band of wavelengths of the objective’s colour 

data. It can facilitate further comparison to a reference or standard to determine acceptability. 

Colorimeters are extremely precise in colour measurement and are ideal for identifying colour 

difference, colour fastness as well as routine comparisons of similar colours (Ramanathan, 2016). 

Tristimulus values XYZ are typically used to report the spectral response of a sample measured by a 

colorimeter or a spectrophotometer.  

 

The use of colour measuring instruments allows for colour specification and communication by 

means of international standards such as the CIE XYZ, CIELAB, etc. (Gilchrist and Nobbs, 2000). 

The Commission Internationale de l’Eclairage (CIE) is an independent non-profit organisation, 

recognised by ISO, IEC and CIPM, as a body dedicated to global cooperation and exchange of 

knowledge on all matters relating to art and science of light, lighting, colour and vision, image 

technology and photobiology (CIE, 2020). CIE has recommended the colour standards theory, such 

CIE XYZ, CIE Luv, CIE Lab, and CIE UVW. Colour space is a method by which colour can be 

specified, created, and visualised. Colour is specified using three co-ordinates, or parameters. These 

parameters describe the position of the colour within the colour space being used CIE XYZ (1931) 

system is at the root of all colorimetry (Ford and Roberts, 1998). The CIE X, Y, Z system of colour 

specification is closely based on the RGB system of colour perception. The key advantage of the 

XYZ system is that it is an improvement over the RGB system as it eliminates negative numbers in 

colour specification. The key difference between the two is that R, G, and B are real light sources of 

known specifications, whereas X, Y, and Z are based on theoretical sources that are more saturated 

and allow matching of any real colour using positive amounts of three primary sources. The X, Y, Z 

tristimulus values represent all real visible colours having the widest possible range of values. The X 

value represents a red more saturated in the spectral red; Y represents a green more saturated than 

any spectral green, and Z represents blue more saturated than any spectral blue (Gilchrist and Nobbs, 

2000).  

The three-dimensional colour space produced by plotting CIE tristimulus values is not visually 

uniform, hence the CIE have proposed the use of simple Euclidean distances to identify the relative 

magnitude of colour differences (CIE, 2020C). 

The key advantages of a colourimeter are (Patil, 2019): 

• Fast and convenient to use due to its portability 

• Easily optimised for automation  

• User friendly and does not require complex technical knowledge  
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• Allows for computational, quantitative analysis. 

• Allows for cost effective analysis 

Examples of portable instruments are, TES 136 Chroma Meter, CL-200A and CR-400, which are a 

range of handheld portable instruments that can measure colour on various surfaces for numerous 

applications. These instruments are used to determine the spectral response of colour stimuli of an 

object in the form of tristimulus values. The colour stimulus function requires measurement intervals 

of 5nm or less, in a wavelength range of at least 360nm to 830nm to be CIE standard compliant (CIE, 

2020D). These instruments can help in identifying colour difference, illuminance, and provide the 

potential to be used in quality assurance tests to ascertain if the sample meets the defined standard. 

The CR-400 range is more expensive than the TES 136 Chroma Meter and offers higher quality 

control colour measurement with 8mm and 50mm measuring apertures. The CR 400 can also detect 

minimal colour variations and can measure samples with smoother surface conditions in situ (Konica 

Minolta, 2020A) (TES 2014) (Pro-Light Technologies 2020). These instruments have also been used 

for colour quality control in production, and inspection stages of manufacturing, as well as being 

applied to the analysis of food quality in the food and meats industry (Ramanathan 2016) (Cąkici, 

2015). They are additionally used for assessing the quality of paints (Karlsson et al. 2019), in the 

printing industry for measuring the quality of printed graphic images (Simpson and Jansen, 1991), 

for measuring plant colours in biotechnology (Kasajima, 2019) as well as in conservation science 

where they are used for the purpose of measuring colour change in historic textiles (Ford, 1992). 

Colorimetric properties of four pigments (red, blue, yellow and green) found in thermal woven 

textiles have been studied by Zhao and Li (2019). Xu (2010) used colorimetry to grade cotton which 

had, prior to this, been a problematic process due to subjective biases in visual human inspections 

and interpretations. This method became the official US cotton colour grading classing system. Chu 

et al., (2010) have used colorimeter, spectrophotometer and imaging systems for measurement, 

analysis and quality control of tooth colour. The study goes on to recommend combining instrumental 

and visual colour matching methods as these were found to be complementary to each other, resulting 

in a successfully predictable colour mapping outcome. Koussoulou (1999) utilises the Minolta 

Chromameter to calculate the colour difference of heritage silk fibres and dyes to study the 

mechanisms of deterioration. This research study proposed the application of light stabilizers directly 

to the fabric, as a new method of fabric protection. Recently, Tamburini and Dyer (2019), have jointly 

utilised colorimetry, spectroscopy, and digital imagery to provide insights into the signature 

behaviour of Dunhuang silk textiles, (from ancient China), housed at the British Museum. 

Colourimetry was used before and after artificially aging the dyes used in the fabric. The CIE colour 
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difference formula was applied to analyse colour difference between the two sample sets with the 

help multispectral images. The information, obtained non-invasively, complemented further 

molecular analysis using High Pressure Liquid Chromatography Mass Spectrometry (HPLC-MS).  

 

Some key limitations of colourimeters are (Patil 2019): 

• The inability to measure colourless samples.  

• Wavelength limitations 

 

And, as measurements are not based on the visual appreciation of colour, the visual colour difference 

between two samples is not linearly related to the difference in the XYZ values (Gilchrist and Nobbs, 

2000). 

 

2.4.2. Spectrophotometer  
 

While a colorimeter may contain as few as three sensors, one for red, green, and blue, or X, Y, Z, a 

spectrophotometer can report the entire range of the spectral response, measured every 10nms 

(Colourphil, 2020). Spectrophotometers measure reflectance, transmittance, or absorbance of various 

wavelengths in the spectrum. The main components of this instrument are a light source, a method 

of separation or dispersion, and a detection system. Most devices have a microprocessor for data 

handling and computations (Randall 1997). A spectrophotometer, as defined by Craic Technologies 

(2019), “is an optical instrument for measuring the intensity of light relative to wavelength”. The 

top-end instruments measure the electromagnetic energy, ultraviolet, visible, and near infrared 

regions. The Konica Minolta CM -3610A can be used for textile colour measurement as well as 

paper, powder and pigment and is suitable for non-contact measurements (Konica Minolta, 2020C). 

A recent study conducted by Tamburini and Dyer (2019), utilised the Konica Minolta CM-2600d 

spectrophotometer equipped with a 52 mm barium sulphate integrating sphere, dual-beam geometry, 

di:8°, a 360–740 nm wavelength range with 10 nm measurement intervals, was used in the analysis 

of ancient textiles in the British Museum.  

 

Advantages (Konica Minolta 2019B) (Geisler, 2015):  

 

• Increased precision 

• Increased versatility 
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• Can measure spectral reflectance at each wavelength 

• Can be combined with other instrumental analysis techniques as well as multivariate 

datasets to have more robust analysis of the samples.  

 

Spectrophotometers have been widely used in numerous industries and have had success in 

determining the condition or colour of an object.  Specific applications of this method have been in 

dentistry (Chu et al, 2010); determining environmental contaminants (Sargazi & Kaykhaii, 2020); 

measuring sunscreen efficiency (Couteau 2018), and in the application to buildings and the material 

industry, as seen in the absorption performance between cement and emulsified asphalt (Wang et al, 

2017). Spectrophotometers have been used in the preservation of medieval plasterwork (Martínez, 

2020), and the use of spectrophotometric methods for qualitative and quantitative analysis of 

substances in the study of composition and structure of various compounds is widespread (Zinchenko 

et al, 2020). Tamburini and Dyer (2019) have recently analysed Chinese textiles from 7th -10th century 

AD with reflectance spectroscopy to identify ancient colourants, pigments, and dyes non-invasively.  

 

Limitations (Konica Minolta 2019B) (Geisler, 2015): 

 

• Spectrophotometers are more expensive than colorimeters.  

• Another critique relates to the selectivity of these instruments; they have been noted to not 

discriminate between the sample of study and any contaminant that absorbs the same 

wavelength. 

• Broadband detectors used in these devices respond to all light that reaches them, which may 

result in erroneous readings. Stray light has known to cause a decrease in absorbency thus 

reducing the linearity range of the instrument. 

• The results can be influenced by pH, impurities, temperature, and any contaminants in the 

sample leading to errors in the readings.  

 

The main advantage of the techniques discussed in this section are that they can be combined with 

other instrumental analysis approaches to achieve a more robust analysis. Some of the current 

spectroscopic analytical techniques used for conservation are further detailed subsequently. 
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2.4.2.1. Raman spectroscopy  

 

Raman spectroscopy is a vibrational spectroscopic method that allows for analysis and the 

characterisation of compounds, providing the possibility for the identification of the characteristic of 

the spectra molecular vibrations (Xu et. al, 2019). Walthius et al., (1999) have defined Raman 

spectroscopy as “an optical, vibrational spectroscopic technique that provides detailed information 

about molecular composition and molecular structure.” Raman spectroscopy has evolved with the 

rapid development of optical instrumentation such as CCD detectors that are sensitive to near-infrared 

spectral region, fibre optic probes, high power, narrow-band lasers, and high-quality notch-filters. 

The advancement in fibre optic probes enables in vivo Raman spectroscopy which is important in the 

biomedical field. A Raman spectrometer and a micro-Raman spectrometer are designed to measure 

Raman spectra of microscopic samples or microscopic areas of larger objects. These instruments are 

built and optimised for micro spectroscopy and can measure microscopic samples (Craic 

technologies, 2019).  

Klisińska-Kopacz (2019) have used Raman spectroscopy to identify polymers used in cast sculptures, 

from museum collections, and understand their degradation process. This non-destructive technique 

is based on applying the laser in the visible, near infrared, or near ultraviolet range to illuminate a 

cell or compound, which can be tagged by radioactive staining or fluorescence (Minakshi et al., 

2019). Recent studies have proved its usefulness in conservation of Maori textiles, by understanding 

the properties and behaviour of degradation (Samanali, et.al., 2020). 

 

2.4.2.2. Fourier-transform infrared spectroscopy (FTIR) 

 
Fourier-transform infrared spectroscopy (FTIR) is a technique based on infrared light absorption in 

the wavelength range of 2.5-25 𝜇𝑚 by the material under investigation. This technique enables 

mechanical motion of different forms of the molecules or the compound atoms. Slight energy 

differences resulting from the vibrational and rotational states in different compounds are the basis 

of FTIR analysis for organic matter (Nasrazadani and Hassani, 2016).  

Fourier-transform infrared spectroscopy (FTIR) is one of the most used analytical techniques as it is 

non-destructive and capable of in situ analysis. Xu et al., (2019) has used FTIR coupled with Raman 

imaging for identification and quantification of microplastics from different environmental samples. 

Thus, allowing a comparison of the characterisation of the polymeric chemical structure and 

identification by comparing it to a known reference spectrum.  
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Kirkland (2009) uses Fourier transform infrared spectroscopy with attenuated total reflectance 

sampling (ATR-FTIR) to examine the changes in the chemical nature of the archaeological and 

modern samples upon plasma treatment. Textile samples were treated with destructive wet chemicals 

and compared with plasma treated samples to demonstrate plasma treatment efficacy for alternative 

sample preparation for radiocarbon dating. Similarly, Peets et. al. (2019) has used FT-IR micro 

spectrometer Thermo Scientific Nicolet iN10 MX Integrated FT-IR microscope, both in reflectance 

and ATR modes for textile analysis. FTIR spectrometers can be combined with accessories such as 

the ATR, Reflectance and Transmission. 

 

2.4.2.2.1. Attenuated total reflectance infrared spectroscopy (ATR-IR)  

 

This technique has been used for determining the spectra of sample silk fibres with a low non-

damaging and reproducible pressure on the fibre. The Golden Gate single-reflection ATR 

accessory uses a diamond as an ATR element and a highly focused beam. The silk samples 

can be rotated while maintaining constant infrared radiation penetration depth (Boulet-Audet 

et al., 2008). Garside et al., (2005) developed a micro destructive methodology for studying 

physical degradation of weighted silk derived with FTIR-ATR and high-performance liquid 

chromatography (HPLC) micro sampling analysis. This study was extended to also include 

the POL-ATR technique to calculate the correlation between the breaking strength of the aged 

and fibroin polymers within the fibres. 

 

2.4.2.2.2. Reflectance-FT-IR (r-FT-IR) spectroscopy 

 
Peets et al., (2019) used reflectance FT-IR (r-FT-IR) spectroscopy to compare and compile 

textiles such as wool, silk and polyamide fibres spectra collection for the use of further 

research. Their study found the technique useful and comparable if not slightly better than 

ATR-FT-IR spectroscopy. r-FT-IR was more effective in differentiating between the amide-

based fibres, wool, silk and polyamide. The two instruments used were FT-IR micro 

spectrometer with ATR mode (mATR-FT-IR) and ATR-FT-IR spectrometer. The 

instruments used for this study were the Thermo Scientific 6700 FT-IR spectrometer with 

Smart Orbit micro-ATR accessory and FT-IR micro spectrometer Thermo Scientific Nicolet 

iN10 MX Integrated FT-IR microscope both in reflectance mode.  
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Tamburini and Dyer (2019), used reflectance spectroscopy to analyse dye in Dunhuang 

fabrics, a specific type of heritage textile curated at the British Museum. Due to their fragility, 

rarity and value, samples for destructive analysis could not be attained. Hence, a non-invasive 

technique combining multi spectral imaging and fibre optic reflectance spectroscopy was 

applied.  

 

2.4.2.2.3. Near-Infrared (NIR) spectroscopy  

 

NIR spectra can be acquired on a FT-IR spectrometer extended to the NIR region, a UV-

visible-NIR absorption spectrometer or a dedicated NIR spectrometer. In the NIR region, 

absorption bands come from overtones, combinations of overtones and/or combinations of 

fundamental vibrational motions. The overtone bands and combination bands are much less 

intense and are broader than the corresponding fundamental absorption bands (Le Pevelen & 

Tranter, 2017).  

 

One of the key advantages of NIR spectroscopy is that it requires little or in some cases no 

sample preparation. It allows for differentiation between polymorphs, which the mid-IR is 

not able to do. The sample is treated in a manner like the r-FT-IR technique. However, the 

spectra captured is not as easy to interpret and requires chemometric tools for analysis in the 

mid-IR region (Le Pevelen & Tranter, 2017).  

 

Zhang and Wyeth (2007) use NIR spectroscopy as a non-invasive approach for 

characterisation of silk fabrics and to determine the moisture content of silk as a potential 

age-related marker. Current conservation studies have used the Fourier Transform Infrared 

(FTIR) spectroscopy for demonstrating the efficiency of reflectance with a Focal plane array 

detector (FPA µ-FTIR) to study silk protein structures at the micron scale for a rigorous, non-

invasive study on large datasets of silk samples. South American historical textiles have been 

studied with FTIR coupled with multivariate statistical analysis to correlate the colour of the 

samples, the structural alterations of the protein samples with the age and the chemical nature 

of the dye present (Badillo-Sanchez et. Al., 2019).  
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2.4.2.3. X-ray fluorescence (XRF)  

 

This technique can help in determining the chemical composition of samples varying from solids, 

liquids, slurries, and powders. It can also be used to determine thickness and composition of coatings 

and layers. XRF is an atomic emission method that measures the wavelength and intensity of light 

emitted by energised atoms in the sample. In this technique X-ray irradiation from an X-ray tube, 

creates an emission of fluorescent X-rays with the distinct characteristic of the energies of the 

elements present in the sample (Malvern Panalytical, 2020). Conservation studies done on the 

Huashan Rock paintings have demonstrated its usefulness in analysing the structural features and the 

composition of the rock as well as the paint pigment used (Agnew, 2010). 

 

There are two types of devices, wavelength dispersive (WDXRF) and energy dispersive (EDXRF). 

The main difference between the two is found in the detection systems. The basis of all spectrometers 

is a source of radiation, a sample, and a detection system. WDXRF uses an X-ray tube as a source to 

irradiate a sample, and the fluorescence from the sample is measured by the detection systems, in this 

case, wavelength dispersion. EDXRF uses the same system, with just a difference in the detector type 

used to measure the energy dispersed from the sample. It can separate the radiation from the sample 

into the constituent radiation spectra of its different elements (Malvern Panalytical, 2020). The 

ARTAX 400 instrument has been used in several studies to measure heritage metal objects 

(Pospíšilová et al., 2016) as well as coins (Bolewski et al., 2020).  

 

2.4.3. Limitations of the analytical techniques and instruments  

Some of the relevant instruments, ranging from colourimeters to spectrophotometers, and the 

techniques for determining colour, physical, and molecular condition of samples has been previously 

discussed in section 2.4. As with any instrument, there are benefits and drawbacks, and to consider 

these instruments and techniques, there needs to be a clear understanding of how the technology 

relates to the needs and the expectations of the user (Chu et al., 2010). 

It has been critiqued that instrument such as colorimeter do not fully take account of the minimally 

perceptible differences in colour discrimination based on aspects of photoreception and are affected 

by background noise (Forester et al., 2016).  A limited range of wavelengths are measured, and these 

measurements are not based on the visual appreciation of colour. In particular, the visual colour 

difference between two samples is not linearly related to the difference in the XYZ values (Gilchrist 
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and Nobbs, 2000). While colorimeters can produce accurate colour measurements, they are not able 

to identify metamerism or colour strength and cannot be used under variable illuminant 

(Ranganathan, 2016), the same colours from interfering material can sometimes create errors in the 

results (Patil, 2019).  

Sophisticated spectrophotometers for high-end applications can be very costly ranging from £3000 - 

£10,000 (Fisher Scientific, 2020) and XRF fluorescence systems can range from £18,000 to £80,000 

(Eastern Applied, 2018). Broadband detectors used in these devices respond to all light that reaches 

them, which may result in erroneous readings. A decrease in absorbency caused by stray light can 

reduce the linearity range of the instrument. PH impurities, temperature, and any contaminants can 

influence the sample, leading to errors in the readings (Geisler 2015) (Konica Minolta 2019B). 

Certain techniques such as Raman spectroscopy, and polarised attenuated total reflectance infrared 

spectroscopy (pol-ATR) require micro samples for measurement, typically less than 1mg. Most of 

these techniques are not strictly non-destructive. Few of the instruments utilising these techniques 

can be used on site (Luxford and Thickett, 2011). According to Walthius et al., (1999) high-quality 

fibreoptic probes provide an advantage to in vivo Raman spectroscopy for the visible and NIR regions 

as compared to IR spectroscopy of 3- 12 ~tm IR-region. Although Raman spectroscopy is extensively 

used in heritage analysis, it has limitations in identifying textile fibres, due to the dyes found in these 

textiles. It has been noted that most of the Raman bands are derived from the dyes and represent only 

a small portion of the textile fibres repository. This significantly hinders its use in studying dyed 

textiles (Peets et al., 2019). 

 

Badillo-Sanchez et.al (2019) have critiqued the ATR-IR technique and identified that when pressure 

is applied to the silk fibres, it may induce changes in the fibre structure, thus producing spectra that 

is similar for both new and aged fibre samples. ATR-FT-IR spectroscopy is the other most 

acknowledged analytical technique used for textiles. However, similarly to ATR-IR, its main 

limitation lies in the necessity to apply pressure to the sample textile, potentially causing damage to 

the sample. In rare and historically significant samples, this can be significantly limiting and 

sometimes unacceptable. To have a non-invasive contactless approach, reflectance mode can be used 

instead of ATR. By means of reflectance FT-IR (r-FT-IR) with micro spectrometer. Here, smaller 

portions of a larger object in situ can be analysed by controlling the position from where the spectra 

are measured. Multiple spectra can be collected in situ, of the surface of the sample, for spectral 

mapping. Despite these possibilities, r-FT-IR has been mainly considered for flat surfaces and has 

been overlooked for fibre identification (Peets et al., 2019).  
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Techniques that are progressively becoming more widely acceptable are X-ray fluorescence (XRF) 

and near-infrared (NIR) spectroscopy for their non-destructive and non-invasive ability to be able to 

be utilised for in situ analysis (Luxford and Thickett, 2011). Although XRF systems can be cost-

intensive, near-infrared (NIR) spectroscopy has gained popularity by maintaining a balance between 

cost, time, and analytical performance across a range of materials (Beć and Huck, 2019). 

 

2.5. Chapter Summary  
This chapter has provided an overview of the standards of conservation in museums, and the 

analytical techniques and instruments prevalent in textile conservation. The current museum 

standards and guidelines, which come under the umbrella of preventative conservation, have been 

discussed along with their issues and limitations. This includes standards and guidelines such as 

MGC’s Standard for Museum Care of Archaeological Collections (1992), Standard by the Society 

for Museum Archaeology, UK Standard 2012 and AICCM 2014. The research indicates that the 

current guidelines, although relevant, need to be reviewed on a collection-by-collection basis rather 

than an overall band category. Recently, it has been observed that museums that have maintained a 

loose interpretation of the grade boundaries for environmental monitoring recommendations, for their 

collections, have had issues with continued degradation, and a case for object-specific or case-in-

case specific environmental conservation approach is favoured. Efficient condition management 

approaches are essential towards extending the life of the objects to avoid the need for potentially 

expensive and disruptive repair works, which may damage the heritage value of the object. (Idris et 

all, 2010). There is a need to determine the full extent of material susceptibilities, within the context 

of the museum’s’ environmental conditions, and to understand the associated degradation 

mechanisms for promoting preventative conservation (Ashley-Smith, 2018). 

 

Textiles form a large portion of museum collections, and the pathways of degradation are discussed. 

Silk conservation studies have been reviewed, along with the current limitations of the accelerated 

aging techniques. It has been found that most of the published work reviewed for silk conservation 

has used accelerated aging methods to determine degradation, with limited comprehensive studies 

into non-invasive and non-destructive in situ techniques. Most of the discussed techniques have 

proved their effectiveness in laboratory tests, however these have invariably still required the use of 

micro samples, such as fibres in most studies. This is not necessarily a practical and efficient approach 

when dealing with artefacts, for example, upholstery and textiles such as tapestries, which are not 
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easily moved from the location of their display for analysis. For such artifacts a non-invasive, non-

destructive approach that can analyse the objects in museum conditions is sought. Efficient condition 

management approaches are essential to extending the life of the objects to avoid the need for 

potentially expensive and disruptive repair work, which may damage the heritage value of the object. 

(Idris et all, 2010). There is a need to determine the full extent of material susceptibilities to 

degradation in their given environment, and to understand mechanisms of change for preventative 

conservation (Ashley-Smith, 2018). Masciotta et al., (2019) present a conservation strategy aimed at 

standardisation of inspections procedures, documentation, and classification criteria based on a 

unified rating system for condition and risk assessment but mainly for protecting cultural heritage 

buildings and architectural asset categories. 

 

The latter section of the chapter provides an overview of the state-of-the-art instruments used for silk 

conservation studies. The analytical techniques and methods used are also reviewed. The 

instrumentation used in most of the reviewed silk conservation studies, has broadly varied between 

different types of colourimeters and spectrophotometer. Although, spectrophotometers are more 

sophisticated and have wider spectral range, they are far more expensive and, in the main are not 

handheld, thus having limited portability. Consequently, they require samples to be sent to 

laboratories, which has been the most significant criticism of these non-portable instruments. Current 

techniques such as XRF and near-infrared (NIR) spectroscopy are increasingly becoming portable. 

However, NIR spectroscopy requires a suitable reference dataset for comparison. Whereas, 

Colourimeters have proven to be accessible, portable, and affordable to measure colour in situ. These 

measurements can be applied to the CIE international standards of colour spaces to determine colour 

of the samples. Recently published studies have successfully combined colorimetric data with 

statistical modelling, as well as graphical image modelling to study degradation in silk. The next 

chapter will detail the methodology developed with the colorimetric instrumentation and analytical 

techniques used to help in decision-making for silk condition monitoring in museum conditions. 
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3.   DIAGNOSTIC AND PROGNOSTIC HEALTH 
MANAGEMENT METHODOLOGY 

 

The following chapter introduces Prognostic, and Health Management (PHM) widely used in 

medicine, electronics, nuclear energy and building maintenance. It is applied, to the development of 

a non-invasive, non-destructive, data-driven methodology for silk conservation. An exponential decay 

model is adopted to determine the rate of silk degradation, based on the environmental conditions that 

the Shrewsbury Set, is displayed and stored under. These predictions can be used to inform decision-

making relating to the prolongation of the remaining useful life (RUL) of the silk, thus minimising 

the need for costly, reactive interventive restorations. The protocol addresses the problem definition, 

data collection, data analysis, and the derivation of a postulated diagnostic and prognostic colour 

degradation model. 

 

3.1. Overview of Prognostic and Health Management   
 

Prognostic and Health Management (PHM) is a methodology that aids in the monitoring of the health 

of a system, in real-time, by dynamically updating the reliability function (hazard rates) based on in-

situ measurements and bespoke evolution models obtained from historical data (Tsui et al., 2015). 

The terms ‘diagnostics’ and ‘prognostics’, are used to describe the broad range of processes, which 

aim to determine the material’s condition at the present time as well as at a later pre-determined time 

(Rosunally, 2012). Diagnostics relates to the detection and isolation of faults or failures (Pecht, 2008) 

to determine the state of an item to perform its function (Hoffman 2007). Prognostics is the method 

of predicting a future state by basing it on the current and historical conditions (Pecht, 2008). In 

(Baraldi et al., 2013), prognostics is described as the process of providing reliable predictions about 

the RUL of a system or component undergoing degradation. The phrase ‘Health Management’, as is 

typically applied, relates to the ability to make appropriate decisions in advance, about the operational 

use of a system, where the maintenance of that system is based on the diagnostic and prognostic 

information available from the system and its environment (Hoffman, 2007) (Rezaeianjouybari and 

Shang, 2020). With these three elements defined, PHM is a methodology for the evaluation of a 

system, to predict and mitigate failures (Sun et al., 2010). PHM provides actionable information that 

aids decision support (Vogl et al., 2019) and is seen to produce economic benefits for owners, 

operators, and society (Rezaeianjouybari and Shang, 2020). In industry, the aim of PHM has been to 
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provide an approach and tools necessary to design optimal maintenance policies for a specific useful 

asset (as an example), in the context of its distinct operating and degradation conditions. The result is 

to operate the asset at high availability, and at minimal costs. In practice, PHM as seen in this example 

of an industrial asset, would consider the fault diagnostics, in terms of the of the type of fault, its 

origin, and the conditions under which the fault occurred. It would then apply prognostics, to predict 

the RUL of the asset. Finally, the PHM model considers the health management of the asset, 

supporting contextualised decision-making relating to its operation, the availability of resources to 

fix and maintain it, and the financial cost benefit of doing so (Fink et al., 2020). Therefore, in 

summary, the outcome of an effective PHM model is to provide an ability to monitor the progression 

of the fault and to help in making assessment decisions (Rezaeianjouybari and Shang, 2020). 

 

As previously discussed, degradation modelling, is part of the PHM model, and attempts to 

probabilistically characterise the evolution of the physical degradation processes (Gebraeel et al., 

2009). The preservation of a system or a product through its lifecycle is the key objective for most 

maintenance approaches. Traditional approaches are, in the main, reactive resulting in issues such as 

unscheduled downtime, significant damage to the product or system, and higher inherent costs to 

remedy the problem. Maintenance processes have evolved from this reactive approach to those based 

on time-based maintenance (TBM), and subsequently to reliability-based techniques. The 

development in machine diagnostic techniques has led to the concept of condition-based maintenance 

(CBM), which relies on detected symptoms of failure to enable preventative actions. PHM goes 

beyond CBM by providing predictions of the future condition of an object to enable actions to be 

taken to avoid failure (Vogl et al., 2019).  

 

The critical objectives of PHM include (Pecht, 2008) (Zhang et al., 2008): 

• Providing early warning of fault or failures  

• Providing guidance to extend the useful life  

• Allowing reduction in unscheduled maintenance or repair 

• Reduction in costly inspections and down time of product or system 

• Improving design, qualification, and logistical support of fielded and future systems  

• Supporting business and regulatory decisions  

A viable PHM methodology provides an early detection and isolation capability, together with 

effective tools to monitor the progression of the fault. Furthermore, it aids assessment decisions and 
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maintenance schedules (Rezaeianjouybari and Shang, 2020). Figure 3-1 provides an overview of the 

general and essential PHM methodology. 

 

 

Figure 3-1: a) General PHM and b) Essential PHM  

(Source: Vogl et al., 2019)  

 

Diagnostics are based on observed data, fault detection, knowledge about the current operational and 

environmental system. Prognosis is dependent on historical health condition, current health, previous 

maintenance history and expected use in the future (Goh et al., 2006). Even though diagnostics and 

prognostics each have a separate goal, they are tightly coupled methods. Furthermore, health 

management utilises the diagnostic and prognostic information to provide the capability to make 

informed decision-making (Kumar and Pecht, 2010).  

There are many mathematical models used for diagnostics and prognostics. These are based on 

statistical reliability, life cycle load, state estimation, and feature extraction (Kumar and Pecht, 2010). 

Figure 3-2 provides a general overview of the types of prognostic approaches.  

 



 
 

64 

 

Figure 3-2: Categorisation of Prognostic Approaches  

(Source: An et al., 2015) 

 

The general methods for using prognostic and health management are as follows: 

 

• Data-Driven – Data-driven methods are derived from the pattern recognition theory based on 

statistical and routinely monitored system operating data (Goh et al., 2006). This method allows 

for the usage of derived measures of data for estimating the current and future health of the system. 

Data-driven methods rely on the availability of observations collected during the degradation 

process relating to the target object or similar objects from which RUL predictions can be directly 

or indirectly derived (Baraldi et al., 2015). Data driven prognostics can be conducted via 

algorithms modelling and reasoning (Zhang et al., 2009). The requirement of datasets and good 

training data are essential for the data-driven approach. Data-driven prognostics employ 

degradation models, as well as measured information to achieve better accuracy for predictions 

such as artificial neural networks (ANN) and similarity-based regression techniques (Hu et al., 

2012) (Baraldi et al., 2015). They provide an informative estimation of the entire degradation 

path, which can be checked against expert opinion to verify consistency (Baraldi et al., 2015). 

 

• Model-Driven - Model-based prediction technology relies on combining the operating mechanism 

and the physical failure model. Insufficient modelling information and changes in physical 

behaviour or environmental conditions may limit its prediction accuracy (Fan and Zhao, 2017). 
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Physics of failure methodology and underlying system degradation models are the basis for the 

model-based prognostic approach (Hu et.al 2012). The main limitation of Physics-of-Failure 

models is the inability to capture real-life conditions in the remaining useful life predictions 

(Rosunally et al., 2011) and they require a good understanding of the failure mechanisms involved 

to define the relationship which may not be accurate for real-time applications (Kumar and Pecht, 

2010). Model based methods assume that a mathematical model of the degradation process is 

available. This approach requires detailed knowledge of the degradation mechanisms and their 

interaction. Furthermore, these models require explicit account of uncertainty in the evolution of 

degradation (Baraldi et al., 2015).  

 

• Hybrid - Hybrid approach combines both the data-driven and model-driven approaches. They 

address the problem of limited data associated with the data-driven approach. This provides 

greater stability as the degradation model does not change, as compared to fluctuations of 

predictions in the statistical approach. However, the statistical information is only used to update 

the physical model parameters and not for reliability prediction. In the case of an inaccurate 

physical model the hybrid approach would increase computational cost and not improve the 

predictive accuracy (Hu et.al 2012) (Fang and Zhao, 2017). 

 

With the growing pervasiveness of sensor data and powerful computing, PHM has been successfully 

adopted across various industries such as aerospace, smart manufacturing, transportation, and the 

energy sector. Common across these fields, is the ability for PHM to transform raw data into 

information that can be actioned to assist safeguarding decision making (Lee et al., 2017) 

(Rezaeianjouybari and Shang, 2020). PHM has emerged as a vital method for gaining competitive 

advantage through an improvement in reliability, maintainability, safety, and affordability. Vogl et 

al., (2019) review the current capabilities and best practices of diagnostic and prognostic approaches 

in manufacturing and indicate that PHM is still an area emerging, with the significant portion of 

published research being limited in scope. Developments in mechanical engineering, electrical 

engineering, and statistical science have helped in the development of PHM concepts and components 

(Tsui et al., 2015). The aerospace industry has adopted systems prognostics for systems health 

inspections on spacecraft and aircrafts. Most of the metrics have focused on monitoring condition of 

the aircraft structures, avionics, wiring, propulsion systems, power supplies, maintenance scheduling 

and asset purchasing systems (Saxena et al., 2008). 
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Diagnostic and prognostics have had a long tradition in medicine. The historic use of prognostic 

indicators has been to aid decision-making in the identifying of metrics for blood pressure, cholesterol 

levels (Saxena et al., 2008) and cancer survival rates (Lu et al., 2020). Recently studies conducted for 

COVID-19 modelling have adopted prognostics approaches. Prognostic predictors are being used for 

detecting elevated cardiac biomarkers such as creatine kinase isoenzyme (CK-MB), myoglobin and 

troponin Ι for COVID-19 patients. The study utilises LASSO regression analysis to study 357 patients 

divided into non-recovery group and recovery group. The study concluded that COVID-19 patients 

with elevated CK-MB and myoglobin on admission may be effective predictors for adverse outcomes 

and the combined use of CK-MB and myoglobin had a better performance for predictions (Yang et 

al., 2019). Jain et al., (2020) studied COVID-19 related neuroimaging findings for thromboembolic 

complications to determine the prognostic marker of poor outcomes.  

Increasing energy demand has advanced the diagnostics and prognostics to study the feasibility of 

extending the life of the nuclear reactors, the average life of which is 20-30 years. Data records like 

overall plant operating efficiency and maintenance, and machinery repair records are used to derive 

cost-benefit analysis for prognosis. Most metrics developed so far have been to establish a profitable 

business case rather than maturing prognostics itself (Saxena et al., 2008). Recent study Kim et al., 

(2018) have utilised PHM to predict the future degradation states of nuclear power plants (NPP). The 

authors presented an application of particle filtering for the prediction of degradation in steam 

generator tubes. Baraldi et al., (2015) utilised the Gaussian process regression (GPR) to build a 

stochastic model of the equipment degradation of nuclear components. GPR is a probabilistic 

technique for non-linear parametric regression that estimates the distribution of the future equipment 

degradation states by constraining a prior distribution to fit the available training data, based on 

Bayesian inference. The study was promising in its modelling of the degradation of ferritic steel 

exposed to high stress and in modelling the clogging of sea water filters, used in the heat exchangers 

of boiling water reactor (BWR) condensers. Training data was taken from sequences of degradation 

collected from a set of similar historical equipment which had undergone a similar degradation 

process. 

The diagnostic and prognostic health monitoring system for structures such as bridges, and buildings, 

is also often referred to as Structural Health Monitoring (SHM). SHM can provide accurate feedback 

on the health of a structure and aid in discovering and preventing performance degradation or even 

failure (Yao et al., 2019). SHM is a non-destructive technique that involves analysing natural 

frequencies of structures with the help of sensors (Mahmud et al., 2018). Cost-effective conservation 

of historical material is a growing concern for many organisations in the heritage sector. Salonen & 
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Deleryd (2011) state that maintenance is often a reactive operation and maintenance departments are 

often considered cost centres, that are required to constantly debate the maintenance of their budgets 

for conservation. According to a survey, Kayan and Forster (2009), despite a general recognition that 

the protection and maintenance of historic buildings should, as a matter of best practice, adopt 

proactive maintenance, it is often not adopted or implemented, although reactive maintenance is more 

costly when measured against expenditure for proactive (preventative) maintenance. This is 

represented in the relationship graph in Figure 3-3, illustrating the cost between planned and 

unplanned maintenance.  

 

 

Figure 3-3: Planned and unplanned maintenance cost  

(Source: Kayan and Forster, 2009) 

 

Kayan and Forster (2009) further distinguish between repair and maintenance stating that while repair 

work is effective in prolonging the life of the element, it also involves damage to the fabric by 

reconstruction. The minimum intervention approach is recommended as it inflicts the least harm to 

the fabric of the object, thus potentially maintaining the historic object’s authenticity. Like all objects, 

heritage objects are also exposed to factors that cause its deterioration and require continuous care 

and protection to limit its impact. Efficient maintenance management is essential in extending the life 

of the objects to avoid the need for potentially expensive and disruptive repair works, which may 

damage the heritage value of the object (Idris et al., 2010). 
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The use of the PHM framework in conservation science, to determine the deterioration of historical 

artefacts is documented in study by Rosunally et al., (2011). The research developed a prognostic 

framework to monitor the health of the iron-structure and fabric of the Victorian ship, the Cutty Sark, 

to conserve it, with an allowance for minor deterioration. The PHM framework encompassed canary 

and parrot devices, physics-of-failure (PoF) models, precursor monitoring, data trend analysis and 

Bayesian networks to develop a fusion approach to determine the ‘Health” of the iron structures of 

the Cutty Sark. In a study to determine the structural health of historic Duomo of Parma in Italy, 

Garziera et al., (2007), used non-destructive and non-invasive sensors. Laser Doppler Vibrometry was 

used to detect the structural degradation dynamically. This allowed for the identification of the 

frequency spectrum of the structure by modal responses and the computation of the damage.  

 

Figure 3-4 illustrates the typical PHM workflow. 

 

• Fault diagnosis - is the first task in the workflow to identify and diagnose the root causes of 

the system failure. This forms the basis for the prognostic model accuracy.  

 

• Prognostics –the second task takes the processed data and the existing system models or 

failure mode analysis as the input to predict failure and degradation of the system by utilising 

the developed library of prognosis algorithms.  

 

• Condition-based maintenance – is the third task that utilises the prognosis results in the form 

of RUL and enables preventative decision-making with different maintenance actions to 

minimise operating costs and risks. The key significance is that the three tasks need to be 

executed dynamically and in real-time. 

 

Typically, in the current data-rich environment, large sets of data are gathered automatically within 

short time periods, and this amount of data poses new challenges in data management, analysis, and 

interpretation. Thus, data pre-processing and feature extraction have become standard to enable better 

analysis of data by reducing complexities and noise. The prognosis and diagnostic algorithms can 

also be developed offline, if need be, to cater for special signals and systems properties. Statistical 

algorithms can also be used with new sensing signals to compute the distribution of RUL and find 

root causes of abnormalities (Tsui et al., 2015). 
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Fault diagnosis, prognostics, and condition-based maintenance are the three significant dynamic tasks 

and the remaining tasks in Figure 3.4 can be prepared at timely intervals or offline. 

 

 

Figure 3-4: Overview of PHM workflow system  

(Source: Tsui et al.,2015) 

 

Data-driven models can be used, where PoF models are not available or where there is limited 

knowledge about the physics of the object being analysed. Data driven approaches can be utilised to 

detect changes in object parameters because of aging or gradual degradation. The parameter data 

collected around the time of occurrence of intermittent faults as the object ages and aids the prediction 

and assessment of the object’s health. The prognostic is not developed as diagnostics, but is feasible 

through modelling with Markov chains, stochastic processes, and time series analysis. These help in 

predicting the future state with the help of historical data. The accuracy is continually updated and 

associated with predictable variation although it is reliant on sufficient and reliable data. There is also 

a lack of a standard approach in defining thresholds through which precursors and faults can be 

detected or predicted (Kumar and Pecht, 2010). 
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Statistical data-driven approaches for RUL are better suited to model situations with limited data and 

for systems with no observed failure data and where no CM information exists. Remaining useful life 

is the useful life left of an object at a particular time of operation. RUL is random and unknown and 

is obtained from condition and health monitoring techniques. There is no universally ideal approach 

due to its complicated relationship with observable health information. Statistical data-driven models 

rely on past observed data and statistical models and are broadly seen in two types: those that rely on 

the direct observed state of the object and those that use indirect parameters (Si et al., 2011). Figure 

3-5 details some of the condition data for statistical data-driven approaches.  

 

 

 

Figure 3-5: Classification of statistical data driven approaches for RUL estimation  

(Source: Si et al., 2011) 

 

Direct condition measurement is sometimes not possible, or CM data may be scarce given that some 

assets are not allowed to run to failure. For such instances, PHM must be flexible enough to use 

sensors and parameters to infer degradation information (Hess, 2005 cited in Vogl et al., 2019, p.91). 

 

Most of the existing published work train their models using public data, collected under laboratory 

conditions (Rezaeianjouybari and Shang, 2020). Natural ageing is very difficult to simulate as the 

history of a textile is generally difficult to determine.  Thus, available public data is derived mainly 
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from newly woven silk and not on historic silk. The direct correlation of the newly woven silk 

samples to historic silk has proven to be inconsistent (Tamburini and Dyer 2019).  Therefore, it is 

necessary to study physical attributes as well as environmental data and to develop evaluating 

techniques which analyse the interactive effects of these deteriorating agents. Therefore, offering a 

more accurate estimation of the silk’s permanence (Sharif and Esmaeli, 2017).  More work on domain 

adaptation is required to reach superior domain generalisation ability, which can create feasible 

models in practice.  

The evolution of smart sensors and IoT technologies has eased some of the industrial data scarcity 

issue. Nonetheless, more data means more noise and uncertainty associated with the operating 

environment, various data sources and data transmission, all of which needs to be addressed. Real-

world data comes from various sensors and are mostly non-structured, multimodal, and 

heterogeneous, which makes the task more complex. New generative models that create temporal 

dependencies and create valid time-series data in time and frequency domain can be utilised to 

address the gap of real data (Rezaeianjouybari and Shang, 2020). 

 

 
3.2. Developing the PHM Methodology 
 

Methodology is a collection of procedures, techniques, tools and documentation. It consists of phases 

to plan, manage, control, and evaluate projects to address a problem situation with the help of data 

analysis and data modelling (Evison et al., 1992). The data driven PHM methodology as discussed in 

3.1, is developed for the diagnosis and prognosis for determining the health or “colour condition” of 

the Shrewsbury Set silk, part of the Wallace Collection.  

The overall PHM workflow adopted uses a diagnostic and prognostic approach to predict the RUL of 

the silk as depicted in Figure 3-6. 
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Figure 3-6: PHM Protocol adopted 

 

The essential PHM protocol identified in Figure 3.1 has been fully adopted to develop a discretised 

data-driven model for determining silk degradation in its ambient museum environmental conditions. 

However, only certain protocols from the Figure 3.1 (a), the general approach, have been utilised for 

this methodology. For example, data requirements and management has been adapted to include the 

problem definition. Measurement techniques have been adapted as CM data collection. Diagnostic 

and Prognostics, which is one phase in the general protocol, has been split into their own sub phases. 

Testing and training phase in Figure 3.1 has been combined as, prognostic modelling.  

 

3.2.1.    Problem Definition/Fault Diagnosis 

The Problem Definition or Fault Diagnosis, as detailed in this section, adapts the cost benefit and 

dependability analysis of the PHM general protocol, as seen in Figure 3.1 (a), to identify the existing 
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fault. Fault detection is defined to be the task of determining if a system or asset is experiencing 

problems (Tsui et al., 2014). Health assessment of the asset involves estimating its health by analysing 

collected data, and if failure data is unavailable, then degradation monitoring or fault detection for 

abrupt faults can be used (Lee et al., 2017). The data can be objective or subjective, depending on the 

nature of the data and the collections method (Si et al., 2011). The determination of the problem 

definition for this research was established through a combination of analysis techniques for capturing 

requirements, such as structured open-ended interviews with museum subject matter experts, 

observation of their existing systems, environmental monitoring sensor data and the use of archived 

documents relating to the object collection and care of the silk, as provided in the Appendix 8.1 and 

8.2. For the scope of this project, the subject matter experts’ opinion was taken into consideration 

with the help of visual inspections initially, to identify the lowest acceptable threshold or point of 

failure of the silk sample on display in the museum’s Great Gallery. For example, in the case of the 

silk in the collection, this related to an unacceptable level of increased fading of the colour of the silk 

and loss of material in the form of fraying. Such a point of failure represented the point at which the 

silk had deteriorated to such an extent that it would have been taken away from display in the Great 

Gallery, to undertake costly restoration.  

 

3.2.2. Data Collection 

This section reuses the measurements techniques of the PHM general protocol of Figure 3.1 (a), to 

gather condition data. Observed health information through constant inspection is often referred to 

as condition monitoring (CM) data. It can be directly related or indirectly related to the asset health 

status and can be viewed as its health indicator (Tsui et al., 2015). For the scope of this research, both 

direct and indirect CM data have been considered. The direct CM data was collected by measuring 

the silk with a colorimeter to determine the colour condition of the silk using the CIE XYZ colour 

theory, as discussed in section 2.4.1. To determining the colour fade, the International Commission 

of Illumination (CIE) 1931 CIE XYZ colour system has been applied. This colour system is the 

standard for the quantitative expression of colours seen by the human eye and represents the colours 

as tristimulus values XYZ (Murata et al, 2018). 

 

The CM data may be insufficient; hence any degradation information such as environmental 

information, sensors, temperature, moisture, relative humidity, light levels can be used to estimate the 

health (Si et al., 2011). For the scope of this research, the environmental sensor data of light levels, 
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relative humidity, and temperature have been included, as indirect CM data. The sensor data was 

collected in the form of readings in TimeDate variable format. These Timestamps are the most 

common example of TimeDate variables, and they vary in their specificity ranging from 10 minutes 

to approximately 30 minutes. The sensor readings of the temperature, light, and relative humidity 

maintained were collected from the available sensors. Further details of the data collected are 

discussed in Chapter 4. Figure 3-7 illustrates the condition data inputs.  

 

 

 

 

 

  

 

 

 

 

 

 

 

 

Figure 3-7: Condition Monitoring Data Collected 

 

3.2.3. Data Analysis  

This section uses diagnostics in Figure 3.1 (a) to observe data, identify the fault and acquire 

knowledge about the environmental system. Data pre-processing or feature extraction includes data 

cleaning, data quality evaluation, and segmentation. It is an important part of the PHM approach as 

it helps in identifying valuable parts of data whilst increasing the efficiency of data analysis by 

removing unwanted segments and redundancy (Tsui et al., 2014) (Lee et al., 2017). The data analysis 
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techniques for data pre-processing or signal processing can be generally classified as statistical 

methods and engineering knowledge-based methods. Some of these techniques, such as distance 

evaluation techniques (DET) in its various versions, can be applied such as the Euclidean distance 

evaluation technique (EDET), two-stage feature selection and weighting technique (TFSWT). For 

the prognostic analysis conditional data can be summarised into the following categories (Tsui et al., 

2015): 

 

• Value type - for example temperature, humidity, pressure, etc.  

• Waveform type – for example vibrational data, spectral, etc.  

• Multidimensional type – for example image data, X-ray images, etc. 

Both the forms of CM data gathered, direct and indirect, were collected and analysed statistically to 

remove redundancies and improve data efficiency as discussed below.  

 

The direct CM data was derived by measuring the silk with the colorimeter, the TES 136 Chroma 

Meter. The waveform type of data was measured in the form of XYZ ratios of CIE colour theory. 

The instrument used was a portable device that could measure in situ and provide tristimulus values 

XYZ. To maintain the consistency of readings, equidistant multiple readings were taken of a pre-

selected area of the silk. The XYZ values were then treated with Euclidean distance formula to 

determine the colour condition of the silk, based as shown, in the following equation (1) (McLaren, 

1983 cited in Roy Choudhary 2015, pg. 3): 

 

                                    ∆ 𝐸 =  √𝑋2    + 𝑌2  + 𝑍2                                                   (1)    

                                

∆ 𝐸  was calculated for all the data points of the silk and was derived from the measurement obtained 

with the colourimeter tristimulus values XYZ, to provide the colour condition C of the same silk 

object in various instances of the silk’s display and storage within the museum environment. Total 

colour difference, ‘E’ stands for “Emfundung,’ the German term for sensations. The XYZ colour 

space is not visually uniform, and the visual non-uniformity can be reduced by linear or non-linear 

mathematical transformations (Choudhary, 2015). 

The indirect CM value type of data was collected in the form of sensor readings of the museum 

environment. The sensor data included light levels, UV, relative humidity, and temperature, each 
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collected in TimeDate variable format. Any gaps or missing values in the four environmental 

parameter readings were removed. UV readings were found to be capturing null readings by museum 

sensors and hence were excluded from the modelling. The rest of the environmental parameters were 

utilised. Time-domain statistical techniques such as the mean were calculated, to understand the 

environmental pattern of the museum environment in the Great Gallery. Although daily readings 

were being generated by the sensors, it is the long-term historical environmental pattern that is useful. 

Hence, the museum’s monthly and yearly mean temperature was calculated. The same was done for 

all the environmental factors, such as the annual average relative humidity and annual average light 

level.  

 

3.2.4. Mathematical Model Derivation 
 
This section is an addition to the general process identified in Figure 3.1 to derive the prognostic 

model. Studies reviewed in Chapter 2 state that the degradation and fade of dyes in silk is a complex 

process. Chakraborty (2015) indicates that silk degradation is dependent on Temperature, Humidity, 

Ultraviolet (uv) and Visible light (𝑣). Koperska et al. (2015) and Vasileiadou et.al., (2019) state that 

visible light and UV light induces damage to dyed silk visually, structurally, and chemically. A study 

by Kirby and Saunders (2004) indicates the degradation of dye in silk reveals monotonic rates of 

degradation in the presence of both Relative Humidity (RH) and light. As the light increases the RH 

increases and higher RH results in greater colour change, and it was observed that dyed silks kept in 

the dark were not affected. It has been further noted by Nishimura (2011) and Padfield (2004), that 

degradation, in general, is proportional to relative humidity (RH) and Arrhenius Constant (k.) Based 

on the published studies on silk dye fade degradation, it can be postulated that the rate of change with 

time of the silk degradation, D, is defined in terms of colour fade. Relative humidity, temperature, 

and light are the key environmental factors that affect the rate of reaction monotonically.  

 

Thus, the rate of degradation in respect to time increases monotonically with the increase in relative 

humidity: 

ⅆ𝐷
ⅆ𝑡

 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑠 𝑚𝑜𝑛𝑜𝑡𝑜𝑛𝑖𝑐𝑎𝑙𝑙𝑦 𝑤𝑖𝑡ℎ (𝑅𝐻)                        (2)        

 

The rate of a reaction depends upon several factors, including absolute temperature and activation 

energy. This may be expressed in the Arrhenius equation, k = 𝐴𝑒
−𝐸𝑎
𝑅𝑇  (Arrhenius Constant). Arrhenius 
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is written in terms of the energy to drive a reaction and to see the effect of temperature, so it is the 

reaction rate. The known universal gas constant R and activation energy Ea are the unknowns. They 

can be transformed (bundled) into the formulated unknown model parameters. The universal gas 

constants and activation energy are not relevant for this model development. Thus, the rate of 

degradation in respect to time increases monotonically with the increase in Arrhenius constant k: 

 

                                               ⅆ𝐷
ⅆ𝑡

 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑠 𝑚𝑜𝑛𝑜𝑡𝑜𝑛𝑖𝑐𝑎𝑙𝑙𝑦 𝑤𝑖𝑡ℎ (𝑘)           (3)

   

                          ⅆ𝐷
ⅆ𝑡

 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑠 𝑚𝑜𝑛𝑜𝑡𝑜𝑛𝑖𝑐𝑎𝑙𝑙𝑦 𝑤𝑖𝑡ℎ (𝑙𝑣 + 𝑈𝑉)                   (4) 

 

Where, 𝑣 = Visible light (Illuminance) (in lx), UV = Ultraviolet exposure (in mW/cm2), RH = Relative 

humidity (in %), 𝑙 = a constant.  

 

The fading of the colours in textiles is due to the degradation of dyes in the fabric, which results in 

different degrees of loss of intact dye molecules (Ahn et al., 2017) (Liu et. al., 2019). This degradation 

process has been denoted as 𝐷. If 𝐶 denotes the silk colour condition or state (for example, a colour 

measurement over an area), and dye molecules are converted from colour to non-colour by the 

process of degradation 𝐷, the rate of degradation depends on how much colour is left in an area. 

Hence it can be postulated that, 

 

    ⅆ𝐷
ⅆ𝑡

∝ 𝐶                                                                                           (5) 

 

The extent of deterioration occurring in silk can also be dependent on factors such as condition of the 

fabric, dye, pigment used in the fabric, any glues used to bind the fabric together, display, and storage 

conditions. Besides light-induced damage, fluctuating humidity levels, as well as temperature, affect 

the degradation of silk (Vilapana et al., 2014). Gutarowska (2017), studied biodeterioration of silk 

fibres and found that these materials are more vulnerable to high humidity due to their chemical 

composition of cellulose and protein. Light damage is seen to cause cumulative damage to silk as the 

silk tends to lose flexibility, becoming fragile and leading to shredding, fragmentation, and eventually 

to the deterioration to the state of a powder. This gradual process is accompanied by discolouration, 
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fading, or yellowing of the fabric, usually a useful indicator of the object’s deterioration (Smith and 

Thomson, 2017), (Vilaplana et al., 2014). The artefacts deteriorate in the light as it enables 

photodegradation process to activate with RH (Wiltshire County Council Conservation Service, 

2006). It can be assumed that temperature and light are both sources of energy, which could be 

additive in their effect and relative humidity enables the photodegradation to occur chemically.  

Integrating terms (2) - (5) it can be postulated that:  

 

   ⅆ𝐷
𝛼𝑡

∝ 𝑘(𝑅𝐻) + (𝑙𝑣)𝑅𝐻 ⋅ 𝐶                                                (6) 

 

where 𝑘 is the reaction rate that is represented with the Arrhenius constant 𝑘  

 

Now the Arrhenius equation 𝑘 = 𝐴𝑒
−𝐸𝑎
𝑅𝑇  can re-arranged and written as: 

 

 𝑘 =  𝐴(𝑒
𝐸𝑎
𝑅  ) (𝑒

−1
𝑇 )                                                                      (7) 

 

  𝑘 =  𝐴 (𝑒 𝐸𝑎
𝑅

)
−1

𝑇⁄
                                      (8) 

 

Now,  𝑒 𝐸𝑎
𝑅

= Constant B                          (9) 

 

Therefore 𝑘 = 𝐴 ⋅ 𝐵−1
𝑇⁄                         (10) 

 

 Hence equation (6) can be written as, 

 

ⅆ𝐷
ⅆ𝑡

∝  (𝐴 1

𝐵
1

𝑇⁄
(𝑅𝐻) + (𝑙𝑣)𝑅𝐻) 𝐶                                 (11) 
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Figure 3-8 illustrates an exponential decay model adopted to determine the rate of silk degradation 

𝐷. 

 

 

Figure 3-8: Exponential Colour Fade Model 

 

Where 𝐶 is the colour of silk at time 𝑡, 𝐶0 is the colour of silk fabric at time 0. 

 

From the degradation curve above, 𝐶 =  𝐶0 –  𝐷                                          (12)

       

and  
ⅆ

ⅆ𝑡
𝐶 = ⅆ

ⅆ𝑡
(𝐶0 − 𝐷)                              (13) 

 

ⅆ𝐶
ⅆ𝑡

= 0 − ⅆ𝐷
ⅆ𝑡

                                                                    (14) 

ⅆ𝐶
ⅆ𝑡

= −ⅆ𝐷
ⅆ𝑡

                                                                         (15) 

 

From equation 11, put    𝑎 = (𝐴 1

𝐵
1

𝑇⁄
(𝑅𝐻) + (𝑙𝑣)𝑅𝐻)                                                                (16) 
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Therefore,                                   
ⅆ𝐷
ⅆ𝑡

= 𝑎𝐶                                                                 (17) 

 

From equation (15),             𝑑𝐶
𝑑𝑡 = −𝑎𝐶                                                                        (18) 

Eq. (18) is an ordinary differential equation and is widely used for growth and decay rate.  

The solution of this equation in terms of  𝐶 can be derived as follows:          

1
𝐶

ⅆ𝐶
ⅆ𝑡

= −𝑎𝐶. 1
𝐶

. ⅆ𝐶
ⅆ𝑡

                                                       (19) 

 

∫ 1
𝐶

 𝑑𝐶 = ∫ − 𝑎 . 𝑑𝑡                                                  (20) 

 

ln|𝐶| =  𝑒−𝑎𝑡 𝑒𝑐                                                        (21) 

 

 |𝐶| =  𝑒−𝑎𝑡+𝐶                                                           (22)   

     

             𝐶 =  𝐶𝑒−𝑎𝑡                                                              (23) 

 

               𝐶 =  𝐶0𝑒−𝑎𝑡                       (24) 

 

Temperature and light are both sources of energy, which could be additive in their effect, and 

Arrhenius constant 𝑘 is written in terms of energy to drive a reaction and that RH facilitates a reaction. 

The Arrhenius constant can be linearised as the temperature values of the museum are consistent, 

thus resulting in a modified expression of the equation (Nishimura, 2011). The Arrhenius constant 

can be linearised as the temperature values of the museum are consistent, thus resulting in a modified 

expression of equation (16). Hence, it is postulated that: 

 

𝑎 = [𝛼(𝑛) + 𝛾𝜈]𝑅𝐻                             (25) 
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where 𝛼 𝑎𝑛𝑑  𝛾 = constants which must be solved for, and 𝑛 is linearised expression of the 

temperature effect. The Arrhenius equation has been adapted to include the effect of temperature and 

utilised the rule of thumb to linearize the response over a sensible temperature range; for most 

reactions, the reaction rate doubles for each 10℃ rise in room temperature. The rule proposed is for 

the rate to double, as room temperature goes from 18℃ to 28℃ (Clark, 2018), as illustrated in Figure 

3-9: 

 

 

 

Figure 3-9: Linearisation of temperature effect  
 

The linearised equation for the reaction rate n is expressed as 

                           𝑛 = 𝑚𝑇 + 𝑏      (26) 

 

where, 𝑇 is temperature in Kelvin, 𝑚 and b are constants. 

At room temperature (𝑇𝑟), i.e., at 𝑃1,   1.0 = 𝑚𝑇𝑟 + 𝑏         (27) 

 

And at 𝑃2,                        2.0 = 𝑚(𝑇𝑟 + 10) + 𝑏       (28) 

        

Eq. (27) and Eq. (28) gives,      1.0 = 𝑚10         (29) 
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      𝑚 = 0.1          (30)  

Substituting in Eq. (26) gives, 

     1.0 = 0.1𝑇𝑟 + 𝑏                                                                  (31) 

 

     𝑏 = 1 − 0.1𝑇𝑟                                                                     (32) 

 

Hence, the reaction rate 𝑛 can be expressed as, 

    𝑛 = 0.1𝑇 − (0.1𝑇𝑟 − 1)                                                      (33) 

 

If 𝑇𝑟 = 21℃ = 294𝐾  then,    𝑛 = 0.1𝑇 − 28.7                                                                   (34) 

 

If 𝑇𝑟 = 18℃ = 291𝐾   then,     𝑛 = 0.1𝑇 − 28.1       (35) 

 

The minimum temperature of the room taken at 18°C which in Kelvin is 291𝐾; hence, it can be 

postulated that Eq. (25) can be re-written by integrating Eq. (33) as follows: 

 

     𝑎 = [𝛼(0.1𝑇 − 28.7) + 𝛾𝜈]𝑅𝐻  (36) 

 

Where 𝑎 = a constant which is a function of mean temperature T𝐾 linearised, Relative Humidity 

(RH), light levels (lx) over time t.  

Therefore, integrating the values of equation 24 and 36, the fade model to be used is:  

 

∴ 𝐶0𝑒−𝑎𝑡 = 𝐶0𝑒−[𝛼(0.1𝑇−28.7)+𝛾𝜈]𝑅𝐻]𝑡     (37) 

 

Thus, the final colour degradation model can be extrapolated as follows: 
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𝐶(𝑡, 𝑇, 𝑅𝐻, 𝑣) = 𝐶0𝑒−𝑎(𝑇,𝑅𝐻,𝑣)𝑡      (38) 

 

 

Discretised  𝐶 = 𝐶0𝑒∑ (−𝛼(0.1𝑇𝑖
𝑛
𝑖=1 −28.7)𝑅𝐻𝑖∆𝑡𝑖−𝛾(𝑣𝑖𝑅𝐻𝑖)∆𝑡𝑖)       (39) 

 

where ∑ ∆𝑡𝑖 = 𝑡𝑛
𝑖=1   (forecasting time horizon in unit of years) 

𝑇𝑖, 𝑅𝐻𝑖, 𝐿𝑣𝑖 = Averaged values of temperature (in Kelvin), humidity (in %), and light (in lux) for the 

time period ∆𝑡𝑖 

 𝐶 = condition at time 𝑡 

𝐶0 : the condition at time 𝑡 = 0 

  𝛼, 𝛾 = unknown model constants  

Time intervals are in the unit of years, but can also be in the unit of months, weeks, or days. The data 

points which link colour condition to time are limited. Hence, the reference to causal information to 

published silk studies, as well as, to subject matter experts in the museums, helps to inform the model. 

Thus, the simplest empirical exponential decay model is derived as an optimal fit for the silk fade.  

The constant 𝐶0 is the new silk condition and as a parameter this should be known. In the case of 

historic silk, where the new condition is not possible to measure, 𝐶0 can be treated also as an unknown 

parameter and be estimated along with 𝛼 𝑎𝑛𝑑 𝛾. These unknowns are solved using the measured data 

in silk conditions by minimising the model prediction error for the model expression (equation 39).  

 

3.2.5. Prognostic Colour Degradation Model   

 

This section uses the prognostics process identified in Figure 3.1 to identify the prognostic model for 

determining cumulative colour degradation. The data-driven prognostic model utilises the diagnostic 

information gathered through directly measured data of the colour condition C and the indirectly 

related CM sensor data of the environmental conditions, as inputs for developing the prognostic fade 

model by adapting the linearised Arrhenius reaction rate and CIE colour theory. The aim of the 

prognostic model is to predict the health condition of an object (Lee et al., 2017). According to Tsui 

et al., (2015), PHM underpins the assumption that the object is subject to stochastic deterioration. The 

forecast modelling for the different museum scenarios can provide information for mitigation. 
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Preventative conservation decisions can be based upon the specific conditions of the silk being 

studied. PHM model can be referred to as an optimising model, that enhances the efficiency of the 

data collected to arrive at the best possible forecast about the remaining life of the silk sample, within 

the model parameters established. This novel non-invasive, non-destructive data-driven modelling 

methodology for the conservation of silk fabrics in-situ, utilises Prognostic and Health Management 

(PHM) of engineering systems. PHM can help determine the “health” of an object under specified 

environmental conditions and to predict the remaining useful life (RUL) of the object. The originality 

of the proposed methodology is to predict silk fade that is a function of environmental conditions such 

as lighting conditions, temperature, and relative humidity. 

Figure 3-10 provides a detailed illustration of the protocol, documenting the process of data 

collection, analysis, mathematical model derivation, exponential decay modelling for silk colour 

degradation, and finally, the forecasting of RUL.  

 

Figure 3-10: Protocol of the Data-driven Diagnostic and Prognostic Methodology  

 

Model 
Validation 
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This is the first time that such a model has been presented that combines three of the environmental 

factors and condition data of the silk artefacts in ambient conditions. The PHM methodology 

developed in this work is applied and demonstrated for silk on historic chairs displayed in the Great 

Gallery at the Wallace Collection to aid decision-making. The model output can then be used to 

conduct sensitivity analysis based upon different environmental conditions under which the silk could 

be displayed, thereby allowing the museum staff to use predictive modelling methods to determine 

the cumulative colour degradation of the silk-based on these conditions. 

 

3.3. Chapter Summary 
 

This chapter provides an overview of the PHM methodology developed for studying colour fade. The 

growing prevalence of sensor data and powerful computing has enabled PHM to be successfully 

adopted across various industries such as aerospace, smart manufacturing, transportation, and the 

energy sector. Prognostic and Health Management (PHM) has been adapted to be used in museums 

to help determine the “health” of an object under specified environmental conditions. Diagnostics are 

based on observed data, knowledge about the current operation and environmental system. 

Prognostics, on the other hand, are based on historical data, knowledge of the system, use in the 

future, and future environmental conditions. Prognostics involve the assessment of the product or 

systems actual health, followed by modelling health degradation, prediction of performance and 

remaining useful life. Even though each has a separate goal, they are tightly coupled, as prognostics 

are built on diagnostic methods. PHM goes beyond condition-based maintenance (CBM) by enabling 

decision-making using future predictions. 

A significant portion of published research into the development of PHM concepts and the framework 

applied in this study, has come from the fields of mechanical engineering, electrical engineering, 

medicine, and statistical science. Data-driven PHM models can be used, where physics of failure 

(PoF) models are not available or where there is limited knowledge about the physics of the product. 

Data-driven approaches can be utilised to detect changes in product parameters because of aging or 

gradual degradation. Statistical data-driven approaches for remaining useful life are better suited to 

model situations with limited condition data. PHM can use sensors and parameters that are placed 

for other functional purposes to infer degradation information. The development of the methodology 

based on an exponential decay model is documented, ranging from problem definition, data 

collection, data analysis, and data modelling approach.  
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The chapter details how the parameters in the mathematical model can be estimated, through 

measured data, and how the model can be used to predict the remaining useful life of silk artefacts. 

This is a new mathematical model for predicting silk fade that is a function of environmental 

conditions such as illumination, temperature, and relative humidity. It is the first time that such a 

model has been presented that combines all the factors. The chapter also details how the parameters 

in the mathematical model can be estimated, through measured data, and how the model can be used 

to predict remaining useful life of silk artefacts. The exponential decay model derived adapts 

linearised Arrhenius reaction rate and CIE XYZ colour theory to develop a predictive fade model for 

silk. The last section provides the detailed mathematical derivation of postulated data driven PHM 

model used to predict the cumulative damage to the silk on historic chairs displayed in the museum.  

The next chapter details the data gathering carried out to develop the diagnostic and prognostic 

approach for silk colour fade in the Shrewsbury Set exhibited at the Great Gallery as part of the 

Wallace Collection. 
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4.   DATA GATHERED FROM THE WALLACE 
COLLECTION 

 

The following chapter details and documents the primary data collected for this research. A portable 

colourimeter is used to analyse silks in situ and is combined with environmental sensor data, to 

provide the inputs into the previously described prognostic model, as discussed in Chapter 3.  

 

4.1. Data Description – Shrewsbury Set 
 

The Wallace Collection is amongst the most distinguished cultural institutions in the United Kingdom. 

It houses a collection of art and artefacts, assembled from the private collections of the 4th Marquesses 

of Hertford and Sir Richard Wallace. The entire collection and the building, Hertford House, located 

in London’s Manchester Square, was bequeathed to the nation by Lady Wallace in 1897 and opened 

to the public as a museum in 1900. The museum houses some of the finest collections of eighteenth-

century French art, seventeenth and nineteenth-century paintings, medieval and Renaissance works 

of art and one of the finest collections of princely arms and armour in Britain (Wallace Collection, 

2020). 

The silk sample, at the centre of this research study, was provided by the Wallace Collection and is 

known as the Shrewsbury Set. It is estimated to date to c.1768-c.1770. The collection comprises of a 

set of two sofas and twelve armchairs with carved and gilded walnut frames, upholstered in silk, with 

a design of floral silk lampas. The design is representative of styles during the transition period, 

between Louis XV and Louis XVI, with straight legs and richly carved classical motifs of the latter 

period, and the lingering curves of the Rococo period (The Wallace Collection, 2020). The collection 

suffered damage over the years and some of the chairs were re-upholstered in the late 18th century 

using historically accurate silk to maintain authenticity to the original. Subsequently, the three chairs 

upon which this study is focused, were restored and re-upholstered, again using historically accurate 

silk, though this time woven and produced in 1956. The chairs were then displayed in the Great 

Gallery, the main exhibition hall in the museum. The silk on the chair as shown in the Figure 4.1. 

reveals some of the damage and colour fade, resulting from the continual display of the Shrewsbury 

Set since 1956.  With close inspection, it is visible to the naked eye that the fabric at the front lower 

edge of the chair is faded and frayed.  
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Figure 4-1: Shrewsbury Set Silk 1956 sample analysed in situ 
 

In addition to the 1956 restoration, two other chairs, as shown in Figure 4-2, also forming part of this 

research, were restored and re upholstered, one being restored in 1991 and the other in 1993, using 

the surplus silk fabric that was woven for the 1956 restoration.  

 

 

Figure 4-2: Shrewsbury Set Silk samples 1991 and 1993 analysed in-situ 
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This surplus piece is seen in Figure 4-3. Prior to restoration, the historically accurate silk used, as 

seen in Figure 4-3, was kept in storage in an environmentally controlled room under 50 ± 10% RH 

and temperature 16℃ − 20℃ ±  2℃, without any exposure to light.  

 

 

Figure 4-3: 1956 Surplus silk sample in storage used for restoration 

 

4.2. Colourimeter Readings of Silk Sample  
 

Silk samples from the museum display were used to measure the colour condition of the fabric and 

to determine any damage caused by the environment in which they were kept, over the years of their 

display. Four samples were considered. Sample 1 was the silk sample reference, from the chair that 

had been on continuous display in the Great Gallery since it’s restoration in 1956. Museum 

restoration records suggest that the silk had not been removed from the chair since its restoration. 

This reference sample had been exposed for the longest period to the open display conditions of the 

museum. Sample 2 was the silk sample reference, from the chair that had been restored with 

historically accurate silk, as seen previously in Figure 4.2, in 1991. Up until its use in the restoration, 

the silk, made in 1956, was kept in storage in an environmentally controlled room under 50 ±  10% 

RH and temperature 16°𝐶 𝑜𝑟 20°𝐶 ±  2°𝐶, without any exposure to light. From the point of 

restoration in 1991, the chair was displayed in the museum. Sample 3 was the silk sample reference 

of the surplus silk kept in storage conditions. This was an offcut from the historically accurate silk 

fabric roll, and unlike the previous samples, that had been upholstered and put on display, this sample 

had been kept in storage throughout with a covering protecting it from any exposure to light and 
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under controlled environmental conditions. The conditions of this storage were, as previously 

detailed, set at temperature range 16˚𝐶 − 20˚𝐶, relative humidity  50% 𝑅𝐻 ±  10%, and minimal 

exposure to light. Sample 4 was the silk sample reference, from the chair that had been restored in 

1993. Prior to this restoration the silk had been kept in storage, under the same conditions as sample 

3, and from the point of its restoration was maintained under the display conditions of sample 2.  

 A summary of these Samples is referenced in Table 4-1: 

 

Silk Sample Reference Sample Environmental Conditions (k) 

Sample Reference 1 Silk fabric on display since 1956 

Sample Reference 2 Silk fabric on display since 1991 

Sample Reference 3 Surplus silk fabric kept in storage conditions 

Sample Reference 4 Silk fabric on display since 1993 

Table 4-1: Sample reference of the silk fabric  
 

To determine the colour condition of the silk sample, the Chromameter TES 136 was utilised, as 

shown in Figure 4-3. This is a digital precision handheld instrument, which can measure colour 

coordinates such as tristimulus values XYZ, as well as the illuminance of light sources. This 

instrument meets the CIE standard of photopic spectral response. The photosensor used is a Silicon 

photocell that has a measuring rate of 1 sample per second and can measure up to an accuracy level 

of xy ±0.02. The repeatability of each measurement has an accuracy of xy ±0.003, Standard 

Illuminant A measured (TES, 2014). CIE standard Illuminant A is used in photometry and 

colorimetry as primary reference spectrum for the calibration of the photometric and colorimetric 

devices (CIE, 2020B).  



 
 

91 

 

Figure 4-4: Instrument used to measure colour condition  

(Source: TES Electrical Electronic Corp. 2014) 

For the purpose of this research, the tristimulus values (XYZ) were measured to determine the initial 

colour of the fabric. To measure the extent of the colour fade, the International Commission of 

Illumination (CIE) 1931 CIE XYZ colour system was used. As discussed in section 2.4.1, this colour 

system is the standard for quantitative expression of colours seen by the human eye and represents 

the colours as tristimulus values XYZ (Murata et al, 2018). Figure 4-5 and 4-6 show that the specific 

area of measurement was the silk flower motif, (also known as the Lampas). This section of the 

sample was taken as it contained all the colours of the silk threads in that particular area. The one 

area was measured multiple times to maintain consistency of measurement. The multiple readings 

can be found in the Appendix 8.3. For positioning, the readings were taken in situ, using a stabilising 

accessory to hold the Instrument in place, at a precise and repeatable distance of 10cm from the 

surface of the sample to minimise sampling errors and a provide consistency between the different 

samples. 

 
Figure 4-5: Measurements taken at an equidistance for all the samples 
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The use of the instrument, as seen in Figure 4-6, provides an advantage over traditional accelerated 

aging methods as it facilitates the taking of multiple measurements thereby reducing the chance of 

errant measurements, and doesn’t involve any movement of the samples from their display location 

to laboratories for measurement. 

 

 
Figure 4-6: Instrument being used in situ to measure colour condition 

 

The diameter of the sample taken was 5cm. To test reproducibility of the results, three measurements 

were taken of the same sample, as documented in Appendix 8.3. Table 4-2 details the mean values 

of the colorimetric tristimulus (XYZ) values measured in situ.  

 

Silk Sample Reference Sample Environmental Conditions (k)) X Y Z 

Sample Reference 1 Silk on display since 1956 190.5 178.6 105.1 

Sample Reference 2 Silk on display since 1991 224.9 215.0 115.2 

Sample Reference 3 Silk kept in storage conditions 241.7 231.3 139.1 

Sample Reference 4 Silk on display since 1993 227.7 213.6 119.3 

Table 4-2: Colourimeter Data (XYX) Readings Measured 
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The assumption has been made that the historically accurate replica silk fabric was kept in one of two 

states, either on display, or in the museum storage environment. Therefore, exposure to any other, 

(not documented external environmental conditions), cannot be fully accounted for while 

determining the fade rate of the silk.  

 

4.3.  Raw environmental data 

The Wallace Collection provided the museum environmental sensor data used in this study, 

consisting of temperature, light, and relative humidity. 

 

4.3.1. Temperature data  
 

The temperature data was gathered from the Meaco sensors (Meaco, 2020) placed in the great gallery 

in 2012 to monitor the environmental conditions of the museum display. The data recorded was from 

recent years, mainly 2012 onwards. For the years prior to 2012, some data was available from the 

historical records of the museum, but where it wasn’t, it was complemented with best estimates of 

gap periods were based on the statistical average of the actual historical records. The temperature 

sensor readings were gathered in timestamps in the Time Date variable format. Whilst the 

temperature sensors were implemented in 2012, the monitoring of the temperature before that time 

was in the format of Min/max hygrothermographs. Hygrothermograph is a recording instrument that 

can provide a continuous measurement of the highest and lowest temperature, as well the humidity 

on a rotating chart for durations such as one day, one week, one month or two months. The instrument 

utilises a hygroscopic RH sensor and bimetal temperature sensor. (NPS, 1993) (NEDCC, 2020).  

 

The primary data collected, as seen in Table 4-3, shows a sample of the temperature readings, taken 

over a two-day period in 2012. Dynamic temperature measurements recorded were every half hour 

period with the Meaco Sensors. 
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Timestamp Temperature 
- Reading 

31/03/2012 01:00 20.6 

31/03/2012 01:30 20.6 

31/03/2012 02:00 20.6 

31/03/2012 02:30 20.6 

31/03/2012 03:00 20.7 

31/03/2012 03:30 20.6 

31/03/2012 04:00 20.6 

31/03/2012 04:30 20.6 

31/03/2012 05:00 20.6 

31/03/2012 05:30 20.6 

31/03/2012 06:00 20.6 

31/03/2012 06:30 20.6 

31/03/2012 07:00 20.6 

31/03/2012 07:30 20.6 

31/03/2012 08:00 20.6 

31/03/2012 08:30 20.7 

31/03/2012 09:00 20.7 

31/03/2012 09:30 20.6 

31/03/2012 10:00 20.6 

31/03/2012 10:30 20.6 

31/03/2012 11:00 20.4 

31/03/2012 11:30 20.3 

31/03/2012 12:00 20.3 

31/03/2012 12:30 20.3 

31/03/2012 13:00 20.2 

Timestamp Temperature 
- Reading 

31/03/2012 13:30 20.2 

31/03/2012 14:00 20.2 

31/03/2012 14:30 20.2 

31/03/2012 15:00 20.2 

31/03/2012 15:30 20.2 

31/03/2012 16:00 20.2 

31/03/2012 16:30 20.2 

31/03/2012 17:00 20.2 

31/03/2012 17:30 20.2 

31/03/2012 18:00 20.2 

31/03/2012 18:30 19.9 

31/03/2012 19:00 20.2 

31/03/2012 19:30 20.2 

31/03/2012 20:00 20.5 

31/03/2012 20:30 20.6 

31/03/2012 21:00 20.6 

31/03/2012 21:30 20.6 

31/03/2012 22:00 20.6 

31/03/2012 22:30 20.6 

31/03/2012 23:00 20.6 

31/03/2012 23:30 20.7 

01/04/2012 00:00 20.7 

01/04/2012 00:30 20.7 

01/04/2012 01:00 20.6 

01/04/2012 01:30 20.3 

Table 4-3: Meaco Sensor Readings Sample for Temperature 
 
 

4.3.2. Relative Humidity Data  
 

Similarly, the relative humidity present in the Great Gallery of the museum was also monitored. The 

sensors gathered the relative humidity from 2012 onwards, and before that, data was captured with 

the help of hygrothermographs and best estimates. However, the humidity measurements tended to 
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be accurate only to about ±5% (at mid-range temperatures, accuracy may be less at temperature 

extremes), so these instruments could provide a broad outline of environmental conditions.  

The Table 4-4 below documents a sample of the relative humidity, of a two-day period, as captured 

by the Meaco Sensors.  

 

Timestamp 

WC - Great Gallery West - Wallace 

Collection – Relative Humidity 

15/11/2014 01:19 53.4 

15/11/2014 01:29 53.8 

15/11/2014 01:39 53.9 

15/11/2014 03:59 53.9 

15/11/2014 05:29 55.7 

15/11/2014 20:55 54.6 

15/11/2014 22:05 54.9 

15/11/2014 22:55 54.8 

15/11/2014 23:15 55 

16/11/2014 00:24 55.8 

16/11/2014 00:54 55.2 

16/11/2014 01:04 55.5 

16/11/2014 01:24 55.4 

16/11/2014 03:44 54.7 

16/11/2014 05:34 54.1 

16/11/2014 05:44 54.1 

Table 4-4: Meaco Sensor Readings Sample for Relative Humidity  
 

 
4.3.3. Illuminance (Light) Data  

The sensor readings capture the illuminance data, as in Table 4-5. 
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Timestamp 

WC - Great 

Gallery West 

(Wallace 

Collection - 

Illuminance - 

Reading 

14/11/2014 15:27 153 

14/11/2014 15:37 149 

14/11/2014 15:47 149 

14/11/2014 15:57 149 

14/11/2014 16:16 149 

14/11/2014 16:26 149 

14/11/2014 16:36 149 

14/11/2014 16:46 149 

14/11/2014 16:56 149 

14/11/2014 17:06 20 

14/11/2014 17:16 20 

14/11/2014 17:35 20 

14/11/2014 17:45 20 

14/11/2014 17:55 20 

14/11/2014 18:05 20 

14/11/2014 18:15 20 

14/11/2014 18:34 20 

14/11/2014 18:44 20 

14/11/2014 18:54 20 

14/11/2014 19:04 20 

14/11/2014 19:14 20 

14/11/2014 19:24 20 

14/11/2014 19:33 20 

14/11/2014 19:53 20 

14/11/2014 20:03 20 

14/11/2014 20:12 20 

14/11/2014 20:22 20 
14/11/2014 20:32 20 
14/11/2014 20:42 20 
14/11/2014 20:52 20 
14/11/2014 21:02 20 
14/11/2014 21:21 16 
14/11/2014 21:31 0 

Table 4-5: Meaco Sensor Readings Sample for Illuminance 
 

 

4.4.  Data Analysis 

The data analysis techniques as discussed in Chapter 3 for data pre-processing were utilised, including 

techniques such as the time-domain statistical technique of calculating mean, and the Euclidean 

distance formula for the XYZ tristimulus values. 

 

4.4.1. Colour Condition (Measured) Data Analysis  

Multiple readings from the colourimeter were obtained in the form of tristimulus values X, Y, Z 

provided in the Appendix 8.3 and 8.4 for reference. The mean of these values was calculated, in order 

to get consistent values for the colorimetric data as detailed previously in Table 4-2. The mean 

averaged tristimulus values XYZ were then calculated by way of Eq. (1) to calculate the colour 

condition, 𝐶 of the samples. Table 4-6 details the result of colour condition data points 𝐶 of the silk 
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samples measured, by way of Euclidean distance. Colour condition 𝐶 is associated with CIE XYZ 

non - real primaries, hence do not have any associated units (Brill, 1996). 

 

Silk Sample Reference Sample Environmental Conditions (k) 𝐶 

Sample Reference 1 Silk on display since 1956 281.5 

Sample Reference 2 Silk on display since 1991 331.8 

Sample Reference 3 Silk kept in storage conditions 362.3 

Sample Reference 4 Silk on display since 1993 334.2 

Table 4-6: Colourimeter Data (XYZ) Readings converted to single value  
 

Figure 4-7 illustrates the colour condition 𝐶 for all the four sample references, which are derived 

from the tristimulus readings, as previously described. The readings reveal that the higher the value 

of the colour condition 𝐶, the better the colour of the silk sample observed. The statical mean of these 

multiple readings has been plotted in Figure 4-7. 

 

 

Figure 4-7: CM data - Colour conditions of the samples   

 

have Upon visual inspection and comparison of the condition data, sample reference 3 of the surplus 

silk, which had been kept in storage conditions, was seen to have better colour condition as compared 

to the other 3 samples, that had been kept in display conditions for varying time periods.  
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4.4.2. Environmental Data Analysis  

The sensor readings are captured in TimeDate variable format, which are simply records of time and 

date expressed in a string format. These can vary in their specificity, including hours and seconds. 

Timestamps are the most common example of TimeDate variable.  

 

4.4.2.1. Temperature Data  

To determine the historical temperature in the Great Gallery, data from archives at the Wallace 

Collection were used, based either on temperature sensor data or historical records of the 

hygrographs. The museum’s monthly and yearly mean temperature was derived from the data. Table 

4-7 details the temperature pattern based upon the sensor data collated over the past 10 years, 

documenting the yearly average of the datasets.  

 

 
 

Year Yearly average 

temperature (℃) 

1996 19.60 

1997 19.6 

1998 19.6 

1999 19.6 

2000 19.6 

2001 19.6 

2002 19.6 

2003 19.6 

2004 19.6 

2005 19.6 

2006 20.5 

Year Yearly average 

temperature (℃) 

2007 21.0 

2008 21.6 

2009 21.0 

2010 21.2 

2011 21.0 

2012 21.0 

2013 20.1 

2014 20.3 

2015 20.6 

2016 19.7 

2017 19.8 

Table 4-7: Annual Average Temperature in the Great Gallery 
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Figure 4-8 illustrates the yearly average temperature pattern based on the sensor data collated over 

the past ten years using actual readings of the sensors and Hygrothermographs. The average yearly 

temperature maintained in the Great Gallery over the past 10 years was seen to be at a consistent 

level of 20℃ ± 1.5℃.  

The values in bold are based on readings from the historic sensor measurements and hygrographs 

readings from the object archives at the museum. The remaining temperature measurements for the 

years missing a historical record assume of the best fit to the actual records. 

 

  

Figure 4-8: Annual Average Temperature at the Great Gallery 
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the object archives at the museum. The remaining relative humidity measurements of the years 

missing a historical record assume of the best fit to the actual records. 

 

Year Relative Humidity (%) 

2007 60.0 

2008 64.0 

2009 55.0 

2010 51.4 

2011 52.0 

2012 52.0 

2013 52.0 

2014 53.4 

2015 52.3 

2016 52.4 

2017 54.6 

Table 4-8: Annual Average RH in the Great Gallery for the past 10 years 
 

 

Figure 4-9: Annual Average Relative Humidity Levels at the Great Gallery 
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The yearly average relative humidity levels maintained in Great Gallery over the past 10 years has 

seen highest levels at 64% and the lowest at 51.% . This would indicate a 13% fluctuation in the 

yearly average of relative humidity levels within the last 10 years. The trend also indicates a lowered 

yearly average of the relative humidity being maintained in recent years.  

 

4.4.2.3.  Illuminance Data  

The sensor readings for illuminance, (TimeDate format), over recent years was gathered. As with the 

temperature and relative humidity data, there are gaps in the archived records.  

The available sensor data collected from 2014 -2017 for the Great Gallery is utilised as detailed in 

Table 4-9.  

Year Illuminance (𝒍𝒙) yearly average 

2014 49.95 

2015 54.33 

2016 52.76 

2017 55.66 

Table 4-9: Annual Average Illuminance Readings at the Great Gallery 
 

The yearly average illuminance based on the available historical sensor data, as measured in the last 

4 years, is illustrated in Figure 4-10.  

 

Figure 4-10: Yearly average of Illuminance (lux) sensor data  
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Illuminance levels are seen to be above the recommended range of 50 lux maximum, (according to 

the museum standard for textiles), for three out of the four years. The yearly average illuminance 

levels had seen its highest levels at 55.7𝑙𝑥 and the lowest at 50𝑙𝑥. This shows an almost 6% increase 

in the yearly average for light levels over this 4-year period, based on actual sensor data readings.  

 

4.5.  Chapter Summary  
 

This chapter details the primary data collected from the Wallace Collection, and used in the colour 

fade model. Direct CM data was collected by measuring silk samples from the Shrewsbury Set 

displayed in the Great Gallery.  

Four samples were considered. Sample 1 was the silk sample reference, from the chair that had been 

on continuous display in the Great Gallery since the chair’s restoration in 1956. Museum restoration 

records suggest that the silk had not been removed from the chair since its restoration. This reference 

sample had been exposed for the longest period to the open display conditions of the museum. Sample 

2 was the silk sample reference, from the chair that had been restored with historically accurate silk, 

in 1991. Sample 3 was the silk sample reference of the surplus silk kept in storage conditions. This 

was a surplus offcut from the historically accurate silk fabric roll, that had been kept in storage 

throughout with a covering protecting it from any exposure to light and minimising the impact of 

RH. Sample 4 was the silk sample reference, from the chair that had been restored in 1993. Prior to 

this restoration the silk had been kept in storage, under the same conditions as sample 3, and from 

the point of its restoration was maintained under the display conditions of sample 2. 

Non-invasive, non-destructive measurements of silk were taken with a portable colorimeter in situ. 

The readings were taken as tristimulus values XYZ, adopting the International Commission of 

Illumination (CIE) 1931 CIE XYZ colour standard to determine the colour fade. The Euclidian 

distance formula for colour difference was utilised to determine the colour condition 𝐶 of each sample 

reference that had been on museum display for varying periods of time. A specific area of 5 cm in 

diameter of the silk flower motif, (also known as the Lampas) for each sample was examined. The 

readings were taken in situ, using a stabilising accessory to keep the instrument in place, at a precise 

and repeatable distance of 10cm from the surface of the sample to minimise sampling errors, and to 

provide consistency in the area being analysed. To test the reproducibility of results, three 

measurements were taken of the same sample. The analysis showed that the higher the value of the 

colour condition (𝐶) , the better the colour condition of the silk sample observed. An assumption was 
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made that the historically accurate silk replica fabric was kept predominately, either on display, or in 

museum storage. Hence exposure to any other external environmental conditions cannot be fully 

accounted for while determining the colour degradation model. 

As the CM datapoints were limited, any degradation information such as environmental information, 

sensors, temperature, moisture, relative humidity, light levels were used to estimate the health. For 

the scope of this research the environmental sensor data of light levels, relative humidity and 

temperature were included as indirect CM data. The environmental data of the museum conditions 

over time was also gathered from museum historical records, for example, archived records for care 

and restoration, hygrothermographs data, visual inspections data and museum environmental sensor 

data including temperature, relative humidity, and illuminance. Each environmental sensor 

measurement had a timestamp record attached and was collected in the form of readings in Time 

Date variable format. Sensor data was collected every 30 minutes for temperature, every 10 minutes 

for illuminance and at approximately 20-minute intervals for relative humidity. UV was excluded 

from the scope of this colour condition model as UV sensor readings were not being picked up by 

the existing sensors. The deployment of conservation UV filters on windows and low UV from 

artificial lighting, meant that minimised exposure to almost negligible levels of UV was assumed. 

Time domain statistical techniques such as the ‘mean’ were calculated to understand the 

environmental pattern of the Great Gallery.  

The average yearly temperature for the past 10 years was seen to be at a consistent 20℃ ∓ 1.5℃. 

The yearly average relative humidity levels for the past ten years were seen to have its highest annual 

average levels at 64% and lowest annual average at 51.%, indicating a fluctuation of 13% in the 

yearly average of RH levels within the last ten years. The yearly average illuminance levels for the 

past 4 years were seen to have its highest annual average at 55.7𝑙𝑥 and the lowest annual average at 

50𝑙𝑥, indicating a 6% increase in the yearly average of light levels over the last 4 years based on 

actual sensor data readings. The illuminance was maintained at or above the recommended range of 

50 lux maximum according to the museum standard for textiles.  

The next chapter discusses the application of the data driven prognostic model and the results. Further, 

demonstration scenarios are developed to determine the predicted RUL of the silk under hypothetical 

scenarios to aid decision-making.  
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5.   APPLICATIONS OF THE MODEL AND 
RESULTS 

 

This chapter states the assumptions and limitations encountered in this research project. It goes onto 

describe the derived prognostic model and its validation. The prognostic model is then used to 

generate predictions in relation to the remaining useful life of the 1991 restored silk artefact. Finally, 

the different developed demonstration scenarios are analysed, and the results discussed.  

 

5.1. Limitations and Assumptions  

 
• It is assumed that the fabric was either housed in the museum display or in the museum storage 

environment. There isn’t an accurate historical record of the specific environmental 

conditions that the silk may have been exposed to outside of these two states, and hence, 

exposure to any other external environmental conditions has been not considered while 

determining the fade model. 

 

• The environmental sensor data for the Great Gallery was available for the period 2014 -2017. 

For the period 1956 to 2014, data points were derived from thermographs or taken from the 

archives of the Wallace Collection, to establish a complete picture of the historical 

environmental conditions. 

 

• UV light has not been included in the development of this model as the museum had no errors 

in the UV light data capture from the sensors. Thd museum had also deployed UV light 

conservation filters from 2007 onwards, providing near complete elimination of UV light. 

The impact of UV light prior to 2007, has not been considered, and this missing data may be 

a significant unknown factor. This is something that can be considered for inclusion in the 

future modelling.   

 

• The colour condition for the silk fabric was limited to four data points, and it was reasonable 

to introduce causal information from museum environmental data, as indirect CM data, to 

postulate an empirical model.  
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• The colour condition of the original brand-new fabric, woven in 1956 was unknown. The 

model uses three conditions to derive this unknown constant. Expert opinion of museum 

professionals was sought to determine the condition of failure of the sample fabric. Sample 

reference 1, that had been on display in the Great Gallery since 1956, was seen, on visual 

inspection by the experts to have damage, such as fading and shredding, and was beyond the 

condition of failure point, with a colour condition value of 281.5. As a result, the lowest 

acceptable threshold was assumed to be 290. The threshold has been determined based on the 

measurements of the visually inspected silk on display and in consultation with the subject 

matter expert.  

 

5.2. Data-driven Diagnostic and Prognostic Modelling  
 

The exponential colour degradation model postulated in Chapter 3, as per Eq. (39), combines the 

colour of the fabric and the environmental sensor data to determine the sensitivity of the silk samples 

to the only known factors in the museum controlled environmental conditions.  

The methodology adopted utilises the environmental sensor data as detailed in Tables 4-7 to 4-9 of 

the historical environmental conditions. Additionally, historical records from the museum archives 

of environmental data in the form of Hygrothermographs output and observational records were 

considered to determine the conditions of exposure in the periods before sensor data.  Further, the 

gaps in the historical data were filled with best case assumptions from subject matter experts at the 

Wallace Collection. Appendix 8-1 details the collected environmental data archived records.   

The Shrewsbury Set’s silk conditions, as detailed in Chapter 4, have four data points in total. The 

research acknowledges the limited data linking colour condition to time, and so the exponential model 

utilises three main data points for model building and one condition datapoint is used for validation. 

As the number of colour condition data points are so few, the simplest possible model is developed, 

to determine the unknown constants, 𝐶0 𝛼, 𝛾, to calibrate the fade model that can be derived, i.e., the 

number of unknowns in the mathematical model must be equal to, or fewer, than the number of 

condition data points for a solution to be found. These unknown constants are solved using the 

measured data in condition 1, 2 and 3. Using optimisation method, the error between the model 

predictions and the measured values for these three conditions is minimised. The postulated 

exponential fade model derived (37) - (39) was used to minimise the error between the measured 
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colour values, as detailed in Table 4-6. The notion of using the superscript of (k) was adopted, to 

associate to the sample being calculated;  𝑘 = 1,2,3. For example, 𝑘 = 1 is the reference to the silk 

sample being on display since 1956. As a reminder, these three conditions were listed in table 4-6. 

Following on from (38), 𝐶(𝑡, 𝑇, 𝑅𝐻, 𝑣) = 𝐶0𝑒−𝑎(𝑇,𝑅𝐻,𝑣)𝑡 

 

∁(𝑘)= ∁(𝑘)(𝑡(𝑘), 𝑇(𝑘), 𝑅𝐻(𝑘), 𝑣(𝑘)) = 𝐶0𝑒−𝑎(𝑘)𝑡(𝑘)
,       k=1,2,3                       (40) 

 

where 𝑎(𝑘) =  𝛼(0.1𝑇(𝑘) − 28.7)𝑅𝐻(𝑘) + 𝛾𝑣(𝑘)𝑅𝐻(𝑘)                                              (41) 

 

The measured value for silk color condition ∁ with the chromometer, for silk exposed to 

environmental degradation condition (k) is denoted as 𝑀(𝑘).  

The difference between the measured colour value 𝑀(𝑘) for sample conditions 1, 2 and 3, as detailed 

in Table 4-6, and the associated model predicted values ∁(𝑘), are used to define an objective function, 

𝐹 (∁0 , 𝛼, 𝛾), as follows: 

 

             𝐹 (∁0 , 𝛼, 𝛾)  =   [M(1)− ∁(1)]
2

+ [M(2)− ∁(2)]
2

+ [M(3)− ∁(3)]
2
                                   (42)                  

 

This is a function of the unknown model parameters, ∁0 , 𝛼, 𝛾, that needed to be identified to establish 

the colour degradation model. By minimising 𝐹 (∁0 , 𝛼, 𝛾), the values of the model parameters ∁0 , 𝛼,

𝛾 which provide the best fit to the measured data was obtained. This led to a minimisation problem 

that was solved using non-linear optimisation methods. 

 

min 𝐹 (∁0 , 𝛼, 𝛾)                                                                   (43) 

 

Subject to 

∁0> 0, 𝛼 > 0, 𝛾 > 0                                                          (44) 
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The positive constraints posed on the three solved variables were required as ∁0 is a colourimeter 

measurement and is always positive, and 𝛼 𝑎𝑛𝑑 𝛾 are simply weights for the respective model terms. 

Optimisation methods to solve the above problem were available with software tools such as Visual 

Doc (Vrand, 2020) and MATLAB (Mathworks.com, 2020). It should be noted that in general the 

colour of a brand-new fabric can be measured, assuming such a sample is available, and hence the 

model parameter ∁0 would be known (this would not need to be solved). However, as no brand-new 

silk sample was available in this case to take this measurement, ∁0 was solved for.  

Cumulative degradation is the process of systematically analysing and assessing the effect of 

environmental changes that can accumulate over time. The cumulative effect of the environmental 

parameters over the time are interactive and additive in manner (Spaling, 1994).  The cumulative 

degradation values, 𝑆1(𝑘) and 𝑆2(𝑘)of the three conditions, were optimized to fit with the model 

predictions, as illustrated Table 5-1, and further detailed in Appendix 8.5. 

 

Let us consider again 𝑎(𝑘) =  𝛼(0.1𝑇(𝑘) − 28.7)𝑅𝐻(𝑘) + 𝛾𝑣(𝑘)𝑅𝐻(𝑘), k=1,2,3, and define, 

 𝑆1(𝑘) = (0.1𝑇(𝑘) − 28.7)𝑅𝐻(𝑘)𝑡(𝑘), k=1,2,3                               (45) 

𝑆2(𝑘) = 𝑣(𝑘)𝑅𝐻(𝑘)𝑡(𝑘),  k=1,2,3                                                     (46) 

 

Sample conditions (k) 
Measured value 

(M) 

Model 

Forecast 
Variance 𝑺𝟏(𝒌) 𝑺𝟐(𝒌) 

1. On display since 1956 
(k1) 281.5 282.1 0.6 2392.80 192646.80 

2. On display since 1991 
(k2) 

331.5 332 0.5 1033.42 83499.30 

3. In storage conditions 

since 1956 
(k3) 

362.3 362.2 0.1 666.50 15500.00 

Table 5-1: Cumulative Colour Degradation Values 
 

Given the limitation in the number of data points for colour condition (over time), the fourth condition 

𝑘 of the measured sample (1993) was used to validate the model, as detailed in Table 5-2. 
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Sample condition (k) 
Measured 

value (M) 
Model forecast Variance 𝑺𝟏(𝒌) 𝑺𝟐(𝒌) 

4. On display since 1993 

(k4) 
334.2 335.1 0.9 955.74 77262.30 

Table 5-2: Model validation data inputs and results 
 

By minimising the function, the solution for the three unknown conditions 𝐶0 𝛼, 𝛾, was derived. 

The three solved model parameters for the case study discussed are detailed in Table 5-3.   

 

𝑪𝟎 𝜶  𝜸  

376.12 3.02E-05 1.12E-06 

Table 5-3: Model parameters used to forecast remaining life   
 

With these parameters established, the model could then predict the cumulative damage, in terms of 

colour degradation, for the silk fabric, and thus, to forecast future fade based on user specified 

environmental conditions. Figure 5-1 below illustrates the exponential curve of the cumulative 

degradation of new silk (i.e., assuming 𝐶0 = 376). It shows predictions over time (in yearly intervals), 

for the colour condition. Typical museum display environment conditions (averaged annually) were 

input into the model and set at; temperature 20.7℃, RH 55%, and illumination 53𝑙𝑥.  

As discussed in the stated assumptions, the minimum threshold for colour fade was assumed to be 

set at the colour condition value of 290. The exponential colour degradation model as illustrated in 

Figure 5-1, demonstrates the asymptotic nature of the cumulative decay of the colour loss. 
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Figure 5-1:  Exponential Fade Model (Predicted) 

 

Sensitivity analysis was performed to evaluate the impact of small changes in the colour condition of 

silk by modelling various future museum environmental scenarios. For the future forecast done at the 

present time, 𝐶0 was changed to the measured value for the condition of the fabric at the present time. 

 

5.3. Predictions of Fade - Demonstration Scenarios 
 

This section applies the postulated model to the data gathered to determine the sensitivity analysis of 

the silk degradation to changes in environmental conditions. The sensitivity analysis graphs provide 

a visual interpretation of the colour degradation forecast results.  

Ten scenarios were developed to demonstrate the impact of changes on the remaining life of the silk 

fabric. The data driven model was used to determine the cumulative impact of the environment on 

the silk, by performing sensitivity analysis to different scenarios.  

For future forecasts done at the present time, 𝐶0 = 331 for sample reference 2 was used. The different 
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5.3.1. Scenario 1 Typical Conditions 

Scenario 1 demonstrates typical museum conditions where the parameter inputs to the model of 

Temperature, RH and illuminance were maintained at 20.7℃, RH  56.7% and light 55𝑙𝑥. With these 

conditions, the model predicts a RUL of approximately 28 years, at the assumed minimum threshold 

value of 290, as detailed in figure 5-2. 

 

 

Figure 5-2: Scenario 1 based on existing environmental conditions 

 
 
5.3.2. Scenario 2 Raised Conditions 
 
Scenario 2 represents a slightly raised condition compared to typical conditions, where environmental 

conditions parameters in the model were increased by 1 unit (based on yearly averages). Therefore, 

the temperature was raised to 21.7℃,  RH to  57.7% and illuminance to 56𝑙𝑥. This demonstration 

scenario showed a decrease in RUL of 2 years, compared to typical conditions (scenario 1), as 

detailed in Figure 5-3. 
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 Figure 5-3: Scenario 1 (typical) and Scenario 2 (increase of 1 unit) 

 
5.3.3. Scenario 3 Increased Conditions (10%)  

In Scenario 3, environmental conditions parameters were increased by 10% of scenario 1’s yearly 

average, to 22.7℃, 𝑅𝐻 62.4% and illuminance to 60.5𝑙𝑥. The model indicates an approximate 

decrease in the RUL by 6 years, compared to typical conditions (scenario 1), as detailed in Figure 5-

4.  

 

Figure 5-4: Scenario 3 demonstrating 10% increase 
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5.3.4. Scenario 4 Harsh environmental conditions (15%) 

Scenario 4 models harsher conditions compared to Scenario 1, where the environmental condition 

parameters were increased by approximately 15%. Therefore, the temperature was raised to 

23.8℃,  RH to 65.2% and illuminance to 63.2𝑙𝑥. The model indicates a significant decrease in the 

RUL by 8 years, as is seen in Figure 5-5. 

 

 
 

 Figure 5-5: Scenario 4 harsh environmental conditions (15% increase) 
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Scenario 5 represents a lowering of the conditions, compared to Scenario 1, by 5%. Therefore, the 

Temperature was lowered to 19.6℃, 𝑅𝐻  𝑡𝑜 53.9%, and illuminance 𝑡𝑜 52.2𝑙𝑢𝑥. 

It can be seen in Figure 5-6 that the lowered environmental conditions for all three factors resulted 
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Figure 5-6: Scenario 5 based on lowered environmental conditions 

 
 
5.3.6. Scenario 6 Reduced conditions (-15%) 

Scenario 6 represents further reduced conditions, compared to Scenario 1, where the environmental 

condition parameters were reduced by 15%, with temperature set to 17.6℃, 𝑅𝐻  𝑡𝑜 48%, and 

illuminance 𝑡𝑜 46.7𝑙𝑢𝑥. Figure 5-7 shows the impact of this change, with the RUL increasing by 

approximately 15 years, from 28 years under scenario 1 to 43 years under scenario 6. 

 
Figure 5-7: Scenario 6 based on 15% lowered environmental conditions 
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5.3.7. Scenario 7 Lower range of UK Standard 2012 Recommended Range 

In Scenario 7, the conditional parameters were set to the lowest range of the UK standard 2012. 

Temperature was set to 18°C, RH to 50% and illuminance to 50lx. Figure 5-8 illustrates a marked 

increase in the RUL by 10 years when compared with Scenario 1. 

 

Figure 5-8: Scenario 7 based on minimum UK standard 2012 range   

5.3.8. Scenario 8 (a, b, and c) - Each environmental parameter individually 

increased by 15% 

Figure 5-9 Reflects the scenario where the temperature and illuminance were kept at the typical range 

with RH increased by 15%. Here it can be seen that there is a decrease in RUL by 3 years to 25 years.  

 

Figure 5-9: Scenario 8a based on RH increase 
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Similarly, Figure 5-10 demonstrates, the scenario of RH and temperature maintained at the typical 

range with illuminance levels increased by 15%. Here, it can be seen that there is a decrease in RUL 

of 2 years, from 28 to 26 years. 

 
Figure 5-10: Scenario 8b based on 15% increased illuminance 

 

Figure 5-11 demonstrates the scenario in which   the temperature is increased by 15% to 23.8C whilst 

RH and illuminance are maintained at the values seen in scenario 1. There is a decrease in RUL of 2 

years, from 28 to 26 years. 

 

Figure 5-11: Scenario 8c based 15% increase in Temperature  
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5.3.9. Scenario 9 Alternating Annual Environmental Conditions  

To ensure the longevity of the silk under museum environmental conditions, the option to annually 

rotate the silk, between storage and display was also modelled, as shown in Table 5-4. 

 

Year  Temp (℃) RH(%) Lux(lx) 
2020 20.7 56.7 55 
2021 16 50 5 
2022 20.7 56.7 55 
2023 16 50 5 
2024 20.7 56.7 55 
2025 16 50 5 
2026 20.7 56.7 55 
2027 16 50 5 
2028 20.7 56.7 55 
2029 16 50 5 
2030 20.7 56.7 55 

Table 5-4: Sample dataset of the annually alternating environmental conditions 
 

The most significant increase in the RUL of the silk sample can be seen in Figure 5-12, where the 

sample is modelled to rotate annually from display conditions in the gallery to storage conditions in 

the museum. Under the conditions of scenario 9, the RUL can be seen to significantly increase from 

28 years to approximately 50 years.  

 

Figure 5-12: Scenario 9 based alternate environmental conditions annually 
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5.3.10.   Scenario 10 Alternating Conditions Every Two Years 

Scenario 10 is a variation of Scenario 9, modelling the impact of alternating conditions every two 

years as opposed to annually under scenario 9, increasing the period under which the silk is displayed, 

a situation that is possibly more practical for the museum, given the logistical, (and other), challenges 

of moving the display in and out of storage. Table 5-11 details the environmental conditions for 

scenario 10. 

 

Year  Temp (℃) RH(%) Lux(lx) 
2020 16 50 10 
2021 20.7 56.7 55 
2022 20.7 56.7 55 
2023 16 50 10 
2024 20.7 56.7 55 
2025 20.7 56.7 55 

Table 5-5: Sample dataset of alternate (every two years) environmental conditions  
 

Figure 5-13 depicts scenario 10 showing a RUL of 40 years, a reduction of 10 years in the RUL 

compared with scenario 9. 

 

Figure 5-13: Scenario 10 based alternate environmental conditions every two years  
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5.4. Results 

This section discusses the ten different scenarios developed to demonstrate the sensitivity of the silk 

to the environment in which it is displayed and stored. The scenarios depict the cumulative impact of 

the three environmental factors being studied, temperature, relative humidity, and light exposure 

(each measured as a yearly average). 

In scenario 1, temperature, RH and illuminance are maintained at typically recommended conditions. 

It can be observed that the RUL, defined at the point that it has reached the acceptable threshold of 

290, (defining the minimum acceptable colour condition of the silk, beyond which point it would 

require restoration or replacement), within 28 years.  

In scenario 2 it can be observed that silk is relatively sensitive to a 1 unit increase for all three 

environmental conditions and predicts a reduction by approximately two years in the RUL of the silk. 

This confirms previously published studies (May and Jones 2006) (Muge and Suat, 2016), suggesting 

the increased fragility of silk fabric to marginal increases in the conditions of temperature, humidity, 

and illuminance.  

Scenario 3 was developed to determine the sensitivity of the silk fabric to an increase of 10% in 

yearly averages of all three museum environmental conditions. Under this scenario, there is seen to 

be an adverse impact on the longevity of the silk, reducing the RUL of the fabric by almost 6 years.  

In scenario 4 harsher environmental conditions have been developed. The impact was to see a 

reduction in RUL of the silk by 8 years, confirming that the harsher display conditions have a 

significantly detrimental impact on the longevity of the silk.  

Scenario 5 and 6, reversed the direction in the change of the conditions from the previous scenarios, 

this time modelling a decrease in the typical museum environmental conditions by 5% and 15% 

respectively. A 5% reduction leads to a predicted extension by 4 years in the RUL. Lowering all 

environmental conditions by 15% prolonged the RUL by 15 years from 28 to 43 years.  

Scenario 7 looks to predict the RUL based on conditions at the lower end of acceptable museum 

standards. Under this scenario, the results showed a marked increase in the RUL by 16 years, from 

28 to 44 years.  

Scenario 8 seeks to model the sensitivity of the silk to individual parameters, increasing each 

condition by 15%. It can be observed that the impact of harsher RH conditions decreases RUL by 3 

years, compared to 2 years for temperature and lux. The result indicates that RH impacts the colour 

fade more than either temperature or lux separately.  
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Further, as seen in Scenario 4 where all the parameters combined were raised by 15%, the predicted 

RUL decreased more significantly by 8 years, thus reflecting the significance of the combined impact 

of the environmental conditions on the cumulated fade of silk.  

Scenario 9 and 10 detail the impact of alternating the silk between the typical environmental display 

conditions of the gallery, and the environmental conditions in museum storage, on an annual basis or 

by displaying for 2 years before storing for 1. If the silk is annually rotated from display to storage it 

seems to have significant impact in prolonging the life of the silk sample fabric from 28 years to 

approximately 50 years. When the silk is displayed for a longer period, as seen in scenario 10, the 

silk fabric fades by a greater amount. Whereas scenario 9 shows that the fabric accumulates less 

damage when it spends greater time under storage conditions. 

The most detrimental conditions were demonstrated in scenario 4, which showed a reduction in the 

RUL to 20 years.  

It should also be noted, that during the research, the opinion of subject matter experts was that the 

fade of the silk become observable at the 12-15-year stage (when under display conditions).  

Subjectively it can be seen that the RUL is roughly double the point at which fade is observable by 

experts, and anecdotally, there seems therefore to be some consistency between expert opinion and 

the predicted model, under typical conditions.   

The prognostics for colour degradation can help museums develop mitigation strategies to minimise 

silk fade; for example, by adopting object rotation or reducing the environmental conditions 

parameters to the lowest acceptable level in the museum standard range.  

Predictive results show the RUL of the fabric in ambient conditions seemed to prolong significantly 

when the object was moved away from the museum display conditions. If the silk is rotated annually 

from display to storage, it has an almost doubling effect on the remaining life of the fabric. Although 

this option would be detrimental to the museum visitor, who, quite reasonably, in the case of the 

Wallace Collection, may want to see the Shrewsbury Set. Indeed, its movement into storage would 

involve extra staff time and cost, the inconvenience and cost of which can be compared with 

associated costs of restoring the chairs more frequently. And so, to aid this complex set of decision 

making, and insuring it is made on measured evidence as proposed in the methodology, then a 

systematic approach to object specific conservation can be utilised for informed decision-making and 

more predictable outcomes.  
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5.4. Chapter Summary  
 

In this chapter, the diagnostic and the prognostic methodology described in Chapter 3 is applied and 

evaluated with the help of the data collected from the Wallace Collection, as described in Chapter 4.  

The exponential colour degradation model for the silk fabric applied is derived in the format of the 

model structure provided in chapter 3. The postulated mathematical model derived from the 

exponential decay model is used to solve the unknown brand-new colour condition of the silk fabric, 

as well as the unknown model parameters. This is achieved by solving the optimisation problem of 

minimising the error between the model predictions, and the measured values for these three known 

conditions. Given the limitation of the availability of linking colour condition data points to time, the 

fourth condition 𝑘 of the measured sample (1993) was used to validate the model. The colour 

condition new (𝐶0) which was unknown is found through numerical optimisation with a gradient 

based search algorithm.  

The colour fade of the silk as seen in the sample reference, illustrates an asymptotic curve of 

degradation over time. It demonstrates the overall nature of the cumulative degradation of the silk 

fabric with a gradual loss of colour in the initial stages, followed by a reduced rate in the later years. 

The exponential colour fade model derived can help determine the cumulative colour fade of silk by 

performing sensitivity analysis to 10 different scenarios. Hypothetical demonstration scenarios 

ranging from increasing to decreasing museum environmental conditions were developed. Alternate 

scenarios for object rotation were also developed. It was observed that by adopting a policy of rotation 

of the silk, the museum can significantly prolong its RUL. 

Although recommended museum standards are maintained, there still is significant detrimental effect 

on the RUL of the silk when displayed. It is also observed that the fabric in the display has the most 

significant fade as compared to the same fabric kept under storage conditions. The prognostics 

regarding the colour degradation can potentially help museums mitigate the fade. Minimising 

deterioration is much more efficient than rectifying the consequent damage to the restored silk.  

The next chapter discusses the findings, the recommendations for the Wallace Collection, as well as 

the future work that can be further explored.  
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6.   DISCUSSION 
 

The primary aim of this research project was to develop a methodology that could be used to predict 

and enable decision-making to minimise cumulative silk fade in a museum environment. This 

research has detailed a novel approach, that is non-invasive, non-destructive, data-driven modelling 

designed to aid the conservation of silk fabrics in situ. The originality of the proposed methodology 

is a new mathematical model to predict silk fade, built upon the factors of environmental conditions 

such as lighting, temperature, and humidity.  

Current methods for analysing the degradation of silk rely upon accelerated aging techniques. 

However, these techniques typically entail the need to extract samples from the original artefact, may 

involve moving fragile artefacts to a laboratory, and can require the use of expensive instruments to 

conduct the analysis. This study shows that it is feasible to develop a methodology that facilitates 

non-invasive and non-destructive analysis without removing the silk from the display environment 

of the museum, thereby establishing a more cost effective and practical approach to silk conservation. 

Additionally, this research attempts to remove the gap in the conservation literature by providing an 

empirical method demonstrated through qualitative data relating to the natural aging of silk artefacts, 

on display under controlled museum environmental conditions. The PHM methodology is applied 

and demonstrated on three chairs, originally made between 1768 and 1770, and re-upholstered with 

historically authentic silk in 1956. Although, this methodology has been applied to the chairs that 

form part of the Shrewsbury Set, displayed in the Great Gallery, at The Wallace Collection in London, 

it can also be applied to other museums and the protocol of the steps are as detailed.   

 

 
6.2. Application and Implementation of PHM Methodology for Silk 

Colour Degradation 
 
6.2.1. Overview 

This section summarises the key steps, which provide the protocol of the applied process in 

developing the PHM methodology.  

Several well-established concepts, standards, and techniques, as discussed in detail in Chapter 3, have 

been adopted to develop this methodology. These include the development of a novel mathematical 

model to predict the rate of colour degradation, based on historical museum environmental 
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conditions. This model can be utilised to predict the Remaining Useful Life (RUL) of silk, which can 

inform decision-making relating to the prolongation of the life of the silk, and minimise costly, 

reactive interventive restorations.  

The overall process of the PHM method followed is, identification of the problem definition, 

condition monitoring data collection, data pre-processing, mathematical modelling, prognostic 

modelling, demonstration scenarios to determine RUL, and finally the enabling of conservation 

decision-making. The methodology as discussed in Chapter 3, has the following broad phases, as 

detailed in Figure 6-1 for managing the silk colour condition. 

 

 

Figure 6-1: Overview of the PHM Methodology 

 

6.2.2. Part 1: Problem Definition 

General Application: The Problem Definition stage identifies the core problem, in the case of this 

research, the issue of silk degradation under museum conditions. Fault detection is defined to be the 

task of determining if a system or asset is experiencing problems. The condition of the silk must be 

determined to identify the problem. Health assessment of the asset involves estimating its health by 

analysing collected data, and if failure data is unavailable, then degradation monitoring or fault 
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detection for abrupt faults can be used.48 The data can be objective or subjective, depending on the 

nature of the data and the collections method. If there is an absence of existing condition-based 

monitoring, the silk on display can be subjectively identified and assessed, through visual inspections. 

The at-risk silk would start to show physical signs of degradation and/or fading.  

Specific application: For the scope of this project, the problem definition was determined 

subjectively. The subject matter experts’ opinion was taken into consideration with the help of visual 

inspections initially, to identify the lowest acceptable threshold or point of failure of the silk sample 

on display in the museum’s Great Gallery. For example, in the case of the silk in the collection, this 

related to an unacceptable level of increased fading of the colour of the silk and loss of material in 

the form of fraying. Such a point of failure represented the point at which the silk had deteriorated to 

such an extent that it would have been taken away from display to undertake costly restoration. 

Sample reference 1, that had been on display in the Great Gallery since 1956, was seen, on visual 

inspection by the experts to have damage, such as fading and shredding, and was beyond the 

condition of failure point. The areas known as the “lampas” (Flower motif) was selected as it 

contained in that particular area, all of the coloured threads present in the sample.  

 

6.2.3. Part 2: Data Collection  
 

General Application: Observed health information through constant inspection is often referred to 

as condition monitoring (CM) data. It can be directly related or indirectly related to the asset health 

status and can be viewed as its health indicator. The direct CM data is to be gathered with the hand-

held colourimeter instrument. This allows measurements to be taken of silk in-situ. The tristimulus 

values XYZ are to the gathered of the silk samples. If the direct CM data linking the sample to time 

is limited, degradation information such as environmental information, sensors, temperature, 

moisture, relative humidity, light levels can be used to estimate the health. Most museums utilise 

HVAC systems and sensors to maintain and monitor the environment. The historic data needs to be 

collated both for the direct CM data in the form of Tristimulus values (XYZ) and indirect CM data 

consisting of temperature, moisture, relative humidity, light levels.  

 

Specific application: For the scope of this research, the direct CM data was collected by measuring 

the silk with a colorimeter to determine its colour condition using the CIE XYZ colour theory, as 

discussed in section 2.4.1. The A specific sample area of 5 cm in diameter of the silk flower motif, 
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(also known as the Lampas, and broadly representing all of the colours present in the silk) was 

examined. The readings were taken in situ, using a stabilising accessory to keep the instrument in 

place, at a precise and repeatable distance of 10cm from the surface of the sample to minimise 

sampling errors, and to provide consistency to the area being analysed. To test the reproducibility of 

results, three measurements were taken of the same sample, as seen in Appendix 8.3. The indirect 

CM data in the form of environmental sensor data of light levels, relative humidity, and temperature 

has been included due to the limited historical condition data. The sensor readings of the temperature, 

light, and relative humidity maintained were collected from the available sensors. Although UV light 

may be a causal factor, it was not included in this model development for two reasons:  

 

1. Although the museum environmental monitoring system had a provision for measuring 

ultraviolet rays, the primary sensor dataset provided by the Wallace collection for UV 

light did not have UV exposure readings. The MEACO sensor system (Meaco, 2020) that 

had been deployed in the museum had errors in the sensor data capture of UV readings.  

 

2. The museum has deployed UV light conservation filters that provide heat reduction 

combined with reduced UV light levels. In 2007 museum grade UV light conservation 

filters, Sun-X MT65 (Sun-X, 2020), were applied and these reduced UV light 

transmission to <0.1%. In 2012, these filters were supplemented with Sun-MT35, which 

included heat reduction combined with the reduced UV light transmission. This 

practically eliminated UV light as a factor for silk colour fade degradation. SUN-X MT90 

filters utilised provided 99% UV elimination, hence it was assumed that the UV had been 

reduced to almost minimal levels such that it could be eliminated as a factor for silk 

colour fade in the model development. 

3. Thus, because of the absence of data and based on the UV elimination measures, UV 

light has not been included in the reported model development. Although future studies 

may include it as parameter as shown in the mathematical model.   

 

 

Figure 6-2 provides an overview of the data inputs. 
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Figure 6-2: Direct and Indirect CM Data Collection  

 

6.2.4. Part 3: Data Pre-processing 

Following the data collection, data pre-processing and refinement was undertaken as discussed in 

Chapter 4.  

General Application: Data pre-processing or feature extraction includes data cleaning, data quality 

evaluation, and segmentation. It helps in identifying valuable parts of data whilst increasing the 

efficiency of data analysis by removing unwanted segments and redundancy. The data analysis 

techniques for data pre-processing or signal processing can be generally classified as statistical 

methods and engineering knowledge-based methods. Some of these techniques, such as distance 

evaluation techniques (DET) in its various versions, can be applied such as the Euclidean distance 

evaluation technique (EDET), two-stage feature selection and weighting technique (TFSWT). 

The temperature readings measured by the sensors were refined to establish the yearly and monthly 

averages. Similarly, the sensor measurements for Illuminance, and Relative Humidity (RH) were 

collated and processed. Time domain statistical techniques such as establishing the Mean, were 

applied for all the environmental factors and the yearly averages were determined. During this phase, 

certain indicators of the results began to become apparent.  

Specific application: In the case of this study, the data pre-processing indicated that the RH levels in 

the Great Gallery had fluctuated by approximately 13% over a ten-year period. Published studies 

reviewed in Chapter 2, have shown fluctuating RH to have a marked detrimental impact on the RUL 

of silk. The direct colour condition data in the form of XYZ readings was processed to determine 

colour condition 𝐶, as discussed in section 3.2.2. This is derived from the Euclidian distance formula 
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taking the form of equation (1). This was applied to all four samples to determine their colour 

condition 𝐶. Sample reference 1, which was subjectively assessed, by the museum expert to be at the 

point of failure, was measured to  𝐶 value, of 281.5. Sample reference 2 was measured to  𝐶 value, of 

331.8. Sample reference 3 was measured to 𝐶 value, of 362.3 and Sample reference 4 was measured 

to 𝐶 value, of 334.2. Therefore, it is seen that the higher the value of the colour condition 𝐶, the better 

the colour of the silk sample observed. 

 

6.2.5. Part 4: Mathematical Model  

Chapter 3 details the derivation of the mathematical model.  

General Application: The cumulative exponential colour degradation model derived defines 

temperature and light as sources of energy, that have an additive effect on silk deterioration and RH 

as a factor that facilitates the photodegradation reaction to occur. For the development of the reaction 

rate function, which is the exponent in the degradation model, the Arrhenius equation is adopted. The 

model utilises only the effect of temperature (activation energy and universal gas constants are 

combined as unknown constants) and linearising the effect of temperature on reaction rates. For most 

reactions happening at room temperature, the rate of reaction doubles for a 10°𝐶 rise in temperature 

(Clark, 2018). To make the mathematical solution of constants easier, the rule proposed for this study, 

is for the rate to double as room temperature goes from 18℃ to 28℃. Optimisation software tools 

such as Visual Doc (Vrand, 2020) and MATLAB (Mathworks.com, 2020) was used to solve for the 

brand-new conditions. It should be noted that in general the colour of a brand-new fabric can be 

measured, assuming such sample is available, and hence the model parameter ∁0 would be known 

and would not need to be solved. In the case of historic silk, where the new condition was not possible 

to measure, 𝐶0 was be treated as an unknown parameter and estimated along with unknown 𝛼 𝑎𝑛𝑑 𝛾. 

An empirical exponential decay model is derived as an optimal fit for the silk colour degradation as 

detailed,  

                              𝐶(𝑡, 𝑇, 𝑅𝐻, 𝑣) = 𝐶0𝑒−𝑎(𝑇,𝑅𝐻,𝑣)𝑡                               (47) 

Where, 

𝐶 = condition at time 𝑡 

𝐶0 : the condition at time 𝑡 = 0 

where 𝑎 = a constant which is a function of mean temperature T°𝐾 linearised, relative humidity (RH), 

𝑣 = light levels (lx) over time t.  
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Specific Application: The Shrewsbury Set’s silk conditions, as detailed in Chapter 4, have four data 

points in total, corresponding to the period when the chairs were restored with historically accurate 

silk in 1956, 1991, 1993 and with reference to surplus silk from the same fabric roll, which was kept 

in environmentally controlled storage conditions. The research acknowledges the limited data linking 

colour condition to time, and so the exponential model utilises three main data points for model 

building and one condition datapoint is used for validation. As the data points which link colour 

condition to time are limited, the reference to causal information to published silk studies, as well as, 

to subject matter experts in the museums, helped to inform the models development. Thus, the 

simplest empirical exponential decay model is derived as an optimal fit for the silk fade. 

The final colour degradation model, as per Eq. (37) – Eq. (39) is: 

𝐶0𝑒−𝑎𝑡 = 𝐶0𝑒−[𝛼(0.1𝑇−28.7)+𝛾𝜈]𝑅𝐻]𝑡 

𝐶(𝑡, 𝑇, 𝑅𝐻, 𝑣) = 𝐶0𝑒−𝑎(𝑇,𝑅𝐻,𝑣)𝑡 

 

Discretised  𝐶 = 𝐶0𝑒∑ (−𝛼(0.1𝑇𝑖
𝑛
𝑖=1 −28.7)𝑅𝐻𝑖∆𝑡𝑖−𝛾(𝑣𝑖𝑅𝐻𝑖)∆𝑡𝑖)    

∑ ∆𝑡𝑖 = 𝑡𝑛
𝑖=1   (Forecasting time horizon in unit of years) 

𝑇𝑖, 𝑅𝐻𝑖, 𝐿𝑣𝑖 = Averaged values of temperature (in Kelvin), relative humidity (in %), and light (in lux) 

for the time period ∆𝑡𝑖 

 𝐶 = condition at time 𝑡 

𝐶0 : the condition at time 𝑡 = 0 

𝛼, 𝛾 = model constants  

Time intervals utilised for this model were in the unit of years, but could also be in the unit of months, 

weeks, or days. The unknown constants 𝛼, 𝛾, which calibrate the model were generated. These 

unknowns were solved using the measured data in silk conditions by minimising the model prediction 

error for the model expression (equation 39). Using numerical optimization with a gradient based 

search algorithm, the error between the model predictions and the measured values for these three 

conditions was minimised, as detailed in Chapter 4 Table 4-6 and in Appendix 8.5 and 8.6. 

Optimisation methods to solve the above problem were available with software tools such as Visual 

Doc (Vrand, 2020) and MATLAB (Mathworks.com, 2020). However, for the scope of this study, as 

no brand-new silk sample could have been measured,  ∁0 was solved mathematically. By minimising 

the function, the solution for the three unknown conditions 𝐶0 𝛼, 𝛾, was derived. The three solved 

model parameters for the case study as discussed previously are detailed in Table 5-3.   
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6.2.6. Part 5: Prognostic Colour Degradation Model  

General application: The exponential decay model provides the structural underpinnings of the 

developed prognostic modelling. It enables the utilisation of the existing sensor-based environmental 

data and correlates colourimeter data with the use of optimisation. With the parameters established 

in Table 5-3 in Chapter 5, the model can help predict the cumulative degradation, in terms of colour 

change, for a silk fabric. The cumulative degradation values 𝑆1(𝑘) and 𝑆2(𝑘) would be derived as per 

Eq. (45) and Eq. (46) for each of the environmental conditions denoted by superscript of (𝑘).  

Where, 

𝑆1(𝑘) = (0.1𝑇(𝑘) − 28.7)𝑅𝐻(𝑘)𝑡(𝑘), k=1,2,3, *                               (45) 

𝑆2(𝑘) = 𝑣(𝑘)𝑅𝐻(𝑘)𝑡(𝑘),  k=1,2,3, *                                                     (46) 

The notion of using the superscript of (k) is adopted, to associate to the sample being calculated;  𝑘 =

1,2,3. For example, 𝑘 = 1 is the reference to the silk sample on display. These values relate to 

cumulative colour degradation. Time horizon can be changed to days, weeks, or months. For this 

research the time horizon is taken in years.  The exponential curve would display the predictions over 

time (at a yearly interval) for the cumulative colour degradation of silk. Expert opinion of museum 

professionals would need to be sought to determine the condition of failure of the sample fabric, to 

determine the lowest acceptable threshold.  

 

Specific application: The exponential curve displays the predictions over time (at a yearly interval) 

for the cumulative colour degradation. The degradation values are derived as per Eq. (47) and Eq. 

(48) for three environmental conditions (1956 sample 1 ,1991 sample 2, 1956 storage sample 3) 

utilised as illustrated in Table 5-1 and further detailed in Appendix 8.5.  

where, 𝑆1(𝑘) and 𝑆2(𝑘) are the cumulative degradation values for each environmental condition, 

denoted by superscript of (𝑘)   

𝑆1(𝑘) = (0.1𝑇(𝑘) − 28.7)𝑅𝐻(𝑘)𝑡(𝑘), k=1,2,3                               (47) 

 

𝑆2(𝑘) = 𝑣(𝑘)𝑅𝐻(𝑘)𝑡(𝑘),  k=1,2,3                                                     (48) 

The exponential decay model of colour fade is illustrated in Figure 6-3, showing an asymptotic curve 

of degradation over time, based on the mathematically derived colour condition value 𝐶0 = 376.  
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Figure 6-3:  Exponential Model of Silk Colour Condition 
 

Hence, this illustrates the overall nature of the cumulative degradation of the silk fabric with a gradual 

loss of colour in the initial stages, followed by a reduced rate in the later years. Expert opinion of 

museum professionals was sought to determine the condition of failure of the sample fabric. Sample 

reference 1, that had been on display in the Great Gallery since 1956, was seen, on visual inspection 

by the experts to have damage, such as fading and shredding, and was beyond the condition of failure 

point, with a colour condition value of 281.5. As a result, the lowest acceptable threshold was 

assumed to be 290. Based upon this point of failure threshold, it can be estimated that the brand-new 

silk would have a life of 55 years, when maintained in the typical museum environmental conditions.  

To add more data points of the measured value for silk color condition ∁ with the chromometer, for 

silk exposed to environmental degradation condition (k) denoted as 𝑀(𝑘). Thus, the measured colour 

value 𝑀(𝑘) for sample conditions 1, 2 and 3, as detailed in Table 4-6 can be further added to annually 

as per equation 40.  

 

6.2.7. Part 6: Forecasting Demonstration Scenarios  
General application: This novel non-invasive and non-destructive, data driven prognostic modelling 

for the silk colour condition in-situ can be used to predict the cumulative damage to silk fabric over 

different time horizons and under different museum environmental conditions. These scenarios can 

be custom developed as per the needs of the museum’s conservators, to predict the sensitivity of the 

environment and the colour condition of silk.  

Specific application: The 10 demonstration scenarios, as detailed in Chapter 5 assessed the 

sensitivity of the silk sample 2 in its environmental conditions. This enables the RUL prediction of 
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silk sample 2, that has been on display since 1991. It was measured and analysed as exhibiting, colour 

condition value 𝐶0 331.The prognostic degradation data of the 10 scenarios modelled can be found 

in Appendix 8.8. The results are summarised in Table 6-1.  

 

Scenario Museums Environmental Conditions 
RUL 

(years) 

Scenario 1 

Typical 

Typically maintained yearly average temperature 20.7℃, RH 

56.7(%) and illuminance 55𝑙𝑥 
28 

Scenario 2 

Raised 

Marginally raised by 1-unit, yearly average in temperature to 21.7℃,  

RH to  57.7% and illuminance to 56𝑙𝑥 
27 

Scenario 3 

Increased 

10% increase in the yearly average temperature to 

22.7℃, 𝑅𝐻 62.37% and illuminance to 60.5𝑙𝑥 
22 

Scenario 4 

Harsh 

15% increase approximately in the yearly average of temperature to 

23.8℃,  RH 65.2% and illuminance to 63.2𝑙𝑥 
20 

Scenario 5 

Lowered 

5% decrease in the yearly average of temperature 19.6℃, 𝑅𝐻 53.7% 

and illuminance 52.2𝑙𝑥 
32 

Scenario 6 

Reduced 

15% decrease in the yearly average of temperature (17.6℃),  RH 

(48.2%) and illuminance (46.7𝑙𝑥) 
43 

Scenario 7 

 

Lower range of the UK standard guidelines temperature 18℃, RH 

50% and illuminance 50𝑙𝑥 
38 

Scenario 8 

(a,b,c) 

Only one environmental condition increased by 15% 

a) RH (15%) increased to 65.2% 
25 

b) Light (15%) increased 63.2𝑙𝑥 26 

c)Temperature (15%) increased 23.8℃ 26 

Scenario 9 

Alternate 

Alternating typical display conditions of temp 20.7℃, RH 

56.7(%), 55𝑙𝑥 with storage conditions of 16℃, RH 50(%), and max 

10𝑙𝑥 

50 

Scenario 10 

Alternate every 

2 years 

Alternating display conditions every two years with storage 

conditions of 16℃, RH 50(%), and max 10𝑙𝑥 
40 

Table 6.1: Summary of Demonstration Scenarios Results  
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Scenario1 predicted the RUL of silk sample 2 to be 28 years under current environmental conditions. 

In scenario 2 it was observed that silk is relatively sensitive to a marginal increase such as a 1 unit 

increase in yearly averages of all three environmental conditions. This increase  predicted a reduction 

by one year in the RUL of the silk. This confirms previously published studies (Muge and Suat, 2016) 

(May and Jones (2006), suggesting the increased fragility of silk fabric to marginal increases in the 

conditions of temperature, humidity, and illuminance.  

Scenario 8 which models the sensitivity of each individual parameter, by increasing each by 15% 

independently of the others, showed that harsher RH conditions decreased RUL by 3 years, compared 

to 2 years for temperature and lux. The result indicating that RH impacts the colour fade more than 

either temperature or lux separately, confirming previously published studies by Saunders and Kirby 

(2004), who used accelerated aging to understand photodegradation of pigments, and concluded that 

increased RH at a constant temperature caused greater colour change, in dyed silk. Scenario 8 also 

indicated that the severity of impact, from the combined cumulative damage of raised conditions for 

all three parameters, was found to be far more damaging, than each individual condition separately, 

introducing an additive effect on colour fade.  

The best-case scenario for prolonging the RUL of the silk was based on the scenarios involving object 

rotation, namely scenarios 9 and 10. It was observed that rotation from display to storage prolonged 

the RUL by almost 22 years. If the object was rotated annually from display to storage, it had an 

almost doubling effect on the RUL. In the same regard, scenario 7, establishes the fact that the RUL 

can be significantly improved by setting the environmental conditions, towards the lower end of the 

spectrum of museum guidance standards. Under this scenario, the results predicted a marked increase 

in the RUL by 18 years, from 27 to 44 years.  

Whilst the previous scenarios revealed the best predictive outcomes, Scenario 4, highlighted the 

worst, showing clearly, that increases in the factors, resulted in a significant degradation in the colour 

of the silk. For all the analysis conducted, the overwhelming conclusion was that the demonstration 

scenarios clearly exhibited their value in the process of museum decision making, in establishing the 

predicted outcomes, to support the museums preservation objectives.  

 
6.2.8. Part 7: Health Management by enabling decision-making with mitigation 

strategies.  
 
The main purpose of the general conservation process is to stabilise the artefacts in their care. The 

rate of deterioration may be slowed until a critical point is reached, when an equilibrium is disturbed, 
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and the reaction gathers momentum (Bradley, 1994). According to the literature reviewed in Chapter 

2, the tendency to make standards an end in themselves, instead of a means to improve the 

preservation of collections has been challenging. Atkinson, (2014) and Alcántara, (2002) have 

iterated that the best method of improvement should be based on the continuous unique study of 

individual collections. Minimising deterioration, under the specific conditions of its situation, is 

much more efficient than rectifying the consequent damage to the restored silk. 

Prognostic modelling has indicated that silk rotation away from display conditions to storage 

conditions, prolongs the RUL of the silk fabric most significantly. Although object rotation would 

involve extra staff and time thus introducing additional cost, this can be compared with the typically 

high costs associated with the restoration of the silk. The prognostics method could help museums 

develop mitigation strategies to minimise silk fade by adopting object rotation or reducing the 

environmental conditions parameters to the lowest thresholds in the museum standard range. The 

sensitivity analysis of these scenarios depicts a clear correlation between a longer exposure to the 

environmental display conditions, and a greater impact on the colour fade of the silk. This is true for 

all three parameters (light, RH, Temp). Although increased RH conditions alone decrease RUL by 3 

years, as compared to the same level of increase for light or temperature reducing the RUL by two 

years.  

The degradation model detailed with Equations 37 and 38 (Section 3.2.4) is derived in the form to 

predict the colour level of the silk fabric after a certain period and environmental conditions. 

However, the model can be inversed and expressed as a model that solves for temperature (similarly 

humidity or light) that will provide a certain level of degradation, respectively colour condition (𝐶) 

of the fabric, over a pre-defined time.  

Inversing the models requires a simple transformation. In the case of solving for the environmental 

parameters, the model is manipulated as follows: 

C(t, T, RH, v) = C0e−a(T,RH,v)t 

Denote 𝐶(𝑡, 𝑇, 𝑅𝐻, 𝑣) with a simple notation 𝐶 

                                                      Then 𝐶
𝐶0

 =  𝑒−𝑎(𝑇,𝑅𝐻,𝑣)𝑡                 (49) 
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                                                           ln ( C
C0

 ) =  ln [𝑒−𝑎(T,RH,v)t]                                                     (50) 

  

                                                           ln ( 𝐶
𝐶0

 ) =  −𝑎(𝑇, 𝑅𝐻, 𝑣)𝑡                                                     (51) 

Per equation Equations 37 (Section 3.2.4), 

                                         𝑎(𝑇, 𝑅𝐻, 𝑣)𝑡 = [𝛼(0.1𝑇 − 28.7) + 𝛾𝜈]𝑅𝐻                                 (52) 

Therefore,        

                                               [𝛼(0.1𝑇 − 28.7) + 𝛾𝜈]𝑅𝐻 =  − ln 𝐶−𝑙𝑛 𝐶0
𝑡

                              (53) 

With eq. (53) it is possible to express and solve for T, RH, and light. For example, to solve for 

temperature (T): 

                                           𝛼. 𝑅𝐻(0.1𝑇 − 28.7) + 𝛾𝑣𝑅𝐻 =  ln 𝐶0−ln 𝐶
𝑡

                                    (54) 

                                         0.1𝑇 − 28.7 =  1
𝛼.𝑅𝐻 

[ ln 𝐶− ln 𝐶0
𝑡

−  𝛾𝜈𝑅𝐻]                                  (55) 

                                          𝑇 = 10 (28.7 + 1
𝛼.𝑅𝐻 

[ ln 𝐶−ln 𝐶0
𝑡

−  𝛾𝜈𝑅𝐻])                                  (56)    

The inverse modelling calculations may be required in instances when the museum may want to 

establish environmental parameter values that result in a predefined level of degradation of a given 

period, thus helping to inform the decisions and control of the museum environment.  For example, 

if the requirement for the silk is to last approximately 40 years (i.e., colour degrades to the threshold 

value), and the RH is 50% and illuminance is 50𝑙𝑥±2, solving for the temperature point that it should 

be maintained at 18C. In this case such conditions are feasible, falling within the lower range of the 

UK standard guidelines.   

This methodology can also provide the museum with the prognostics to make informed practical 

decisions about the silk being monitored. For example, concerns relating to the impact on artifacts, 

from their lending to other museums, may be partly or wholly resolved using this model.  

 



 
 

134 

6.3. Specific Recommendations for The Wallace Collection 

Based on the research work, the following recommendations are proposed for the Wallace Collection: 

 

• Improving the accuracy of the Modelled predictions, through more regular Colorimetric Data 

Collection:  Further development of the PHM model for Shrewsbury Set could be beneficial. 

Recommendation for additional annual data points relating colour condition be recorded.  

This would provide a continual representation of the cumulative colour loss over time, thus 

evolving the predictive model. Although annual data points for colour condition 𝐶 for the 

Shrewsbury set are required, but for any new study this can be changed to months, weeks, or 

days. 

• Building Colorimetric Condition Database: Data relating to colour condition can be extended 

to other collections of silk as well. This can help build a repository for the museum of the 

changing colour conditions of silk. This can include new fabric samples from recent 

restorations, as well as old historical samples.  

• Documentation: It is assumed that the fabric was either housed in the museum display or in 

the museum storage environment. There isn’t an accurate historical record of the specific 

environmental conditions that the silk may have been exposed to outside of these two states, 

and hence, exposure to any other external environmental conditions has been not considered 

while determining the fade model. The archives documenting restoration or repair could 

benefit from further details regarding environmental exposure. For example, stating the 

length of time silk was kept out of the controlled museum environmental conditions, and the 

level of exposure to light levels, relative humidity fluctuation and temperature levels during 

the period of restoration.  

• Silk Rotation based on PHM modelling: Predictive results (as detailed in chapter 5) show the 

RUL of the silk in ambient conditions seemed to prolong significantly if it were moved away 

from the display conditions. Rotating the silk annually had an almost doubling effect on the 

RUL of the silk fabric being studied, suggesting that limiting the time on exhibition could 

reduce the cumulative damage to the silk.  

• Alternative Option for Rotation: If the annual silk rotation is logistically difficult, the 

museum may prefer to rotate them every two years. For example, exhibiting under display 

conditions for two years and then under storage conditions for one year. This can be seen (in 

chapter 5) significantly prolong the life of the silk. 
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• Existing environmental conditions: It has also been observed in the demonstration scenario 

in chapter 5 that if the environmental conditions (Temperature, relative humidity, and light) 

were reduced to the lower extent of the museum standard guidelines, there was a noticeable 

prolongation in the RUL of the silk fabric.  

 
6.3. Areas for Future Research  
 
Further research could build upon this work in the following areas: 

 

• Further Development of a Diagnostic and Prognostic Tool: A web-enabled database 

management system using Visual Studio and complementary visualisation tool, Tableau is 

recommended. This could enable user-friendly on-site data collection, and aid pre-processing, 

and prognostic modelling. 

 

• Extension of the PHM Method: Colour condition data from other silk collections can 

collected and similarly documented. This would establish a repository of colour condition 

data correlated to environmental conditions. This could include new fabric samples from 

recent restorations, or original samples of historical significance. This could help in adapting 

and evolving this model for use in the conservation of other artefacts, for example, coloured 

silks and textiles, the fade of paint on wood objects or marquetry, (such as on the current 

Reisner's collection housed at the Wallace Collection).  

 

• UV Sensor Data: Although ultraviolet (UV) light has been discounted from this model, its 

inclusion in the future would be beneficial such as a NIR spectrophotometer to measure 

potential UV damage. 

 

• Other Considerations: Pollutants in the form of gases can increase acidity, thus extending the 

causal parameters leading to deterioration of silk. Therefore, the PHM model could be 

extended to include these parameters (and others, for example, the impact of footfall).  
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7.  CONCLUSION  
 

Silk artefacts represent an important part of our civilisational heritage, often being conserved in 

museums for the purposes of education, tourism, and research.  Conservation of silk artefacts 

represents a significant challenge for museums housing such collections. Often, in spite of having 

expensive environmental systems, silk artefacts remain prone to continual degradation.  

 

Restoring silk, comes at a significant cost to museums, and therefore a more cost-effective and less 

interventive approach to conservation is needed. To assist conservators in their efforts to prolong the 

Remaining Useful Life of such artefacts, museum standards exist, which, based on broad 

categorisations of materials, provide guidelines for the range of conditions under which the artefacts 

should be maintained on display. However, more specific guidance to conservators is absent, as there 

is a general lack of literature and analysis relating to the natural aging of silk artefacts under certain 

environmental conditions.  

 

Studies relating to silk conservation have tended towards the use of accelerated aging methods, which 

have required the use of micro samples, (fibres, threads, materials), from the original silk, or require 

the movement of the artefact, from its place of display to a laboratory, for analysis. The conclusion 

from the literature review is that there has been limited comprehensive study into non-invasive and 

non-destructive in situ techniques. Therefore, there is a need to accurately predict the extent of silk’s 

degradation, without damage to the silk in the process of this analysis, within the context of the 

museum’s’ environmental conditions, and with the goal of aiding its conservation.  

 

The research detailed here, brings together the methodology of Prognostic Health Management 

(PHM), as applied in fields such as aerospace engineering, built environments and nuclear sciences, 

to this area of silk conservation. Prognostic Health Management (PHM) establishes an efficient 

management process, relating to the conditions under which machines and materials are maintained, 

to extend their life and avoid the need for unpredictable and costly repairs. PHM entails both 

diagnostics and prognostics.  Diagnostics are based on knowledge about the current operation and 

environmental system through observed data. Prognostics involve the assessment of actual health 

conditions and the use of degradation modelling to derive remaining useful life (RUL) predictions. 

Where there is limited conditional data, the prognostic method can use statistical, data-driven 

approaches for this derivation. 
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Silk conservation studies have typically used instruments such as colourimeters and 

spectrophotometers. Although, the latter are more sophisticated and have a wider spectral range, they 

are also more expensive and have limited portability.  Unlike spectrophotometers, techniques such 

as XRF and near-infrared (NIR) spectroscopy are more portable, however, NIR spectroscopy requires 

a suitable reference dataset for comparison. The issue here is that most silk datasets are based on 

newly woven silk samples, not data derived from heritage, aged silk, and therefore comparisons 

cannot be extrapolated. Colourimeters, on the other hand, have proven to be accessible, portable, 

accurate and affordable. Colourimetry measurements can be applied to the CIE international 

standards to determine colour of the samples.  

To achieve the desired prognostic modelling, a new mathematical fade model is postulated, using a 

derived exponential decay model to predict cumulative colour degradation. This model adapts a 

linearised Arrhenius reaction rate, to predict the fading, (colour degradation) of the silk, based upon 

its exposure to environmental conditions, such as temperature, light levels, and relative humidity. It 

is the first time such a model has been presented that seeks to combine these factors with colorimetric 

data. 

A relatively inexpensive portable instrument was used to take in situ measurements of silk samples, 

from chairs, forming part of the Shrewsbury Set, displayed at the Wallace Collection in London. The 

data driven diagnostic technique adopted the international colour standard, such as CIE XYZ, with 

Euclidian distance analysis to identify the colour condition of the silk. Statistical data-driven 

prognostic techniques were utilised to model the cumulative degradation of the colorimetric condition 

data of the silk and to predict its remaining useful life. The diagnostic and prognostic tools presented 

in this research were validated though numerical optimisation and through demonstration examples.  

Data was collected by measuring four silk samples. Sample 1 was the silk sample reference, from a 

chair that had been on continuous display in the Great Gallery since its restoration in 1956. This 

reference sample had been exposed for the longest period to the open display conditions of the 

museum. Sample 2 was from the chair that had been restored with historically accurate silk in 1991. 

Sample 3 was a surplus offcut from the 1956 fabric roll, that had been kept in storage with a protective 

covering limiting its exposure to light and minimising the impact of relative humidity. Sample 4 was 

from the chair that had been restored in 1993.  

The readings were measured as tristimulus values XYZ, adopting the International Commission of 

Illumination (CIE) 1931 CIE XYZ colour standard to determine the colour fade. The Euclidian 

distance formula for colour difference was utilised to determine the colour condition 𝐶 of each sample 



 
 

138 

reference. The analysis indicated that the higher the value of the colour condition (𝐶), the better the 

colour condition of the silk sample observed. An assumption was made that the historically accurate 

silk replica fabric was kept predominately, either on display, or in museum storage. The 

environmental data of the museum conditions was gathered from museum historical records, such as 

the archived records for care and restoration, hygrothermographs, visual inspection and sensor data 

including temperature, relative humidity, and illuminance.  

The actual sensor data for the previous 10 years showed an average annual temperature of 20℃ ∓

1.5℃. Over the same period, the average annual relative humidity was seen to peak at 64% and 

decline to 51%, fluctuating by 13%. The yearly average illuminance levels, based on 4 years of data, 

was seen to have a highest annual average at 55.7𝑙𝑥 and lowest annual average at 50𝑙𝑥, indicating a 

6% increase.  

The postulated mathematical model derived the exponential decay model that solved for the unknown 

brand-new colour condition (𝐶0) of the silk fabric, and two unknown model parameters. The 

unknown colour condition new (𝐶0) was found through numerical optimisation using a gradient based 

search algorithm. The brand-new colour condition was determined to be 376.12 and based on this the 

brand-new silk was derived to have a life of 55 years, under the maintained museum environmental 

conditions. Given the limitation of colour condition data relative to time, the fourth condition 𝑘 of 

the measured sample (1993) was used to validate the model. The variance between the measured 

value and the model prediction was 0.9.  

The colour fade of the silk illustrates an asymptotic curve of degradation over time. It demonstrates 

the overall nature of the cumulative degradation of the silk fabric with a gradual loss of colour in the 

initial stages, followed by a reduced rate in the later years. There remains the possibility of reversing 

the model in which the remaining useful life years are predetermined, and the environmental 

parameters calculated to reach the time-based objective. 

Ten different hypothetical sensitivity scenarios were developed to demonstrate colour degradation.  

Overall, sensitivity analysis depicted a clear correlation between a longer exposure to the 

environmental display conditions, and a greater impact on the colour degradation of the silk. The 

scenarios showed that the silk samples were relatively sensitive to marginal increases in all three 

parameters (Light, Relative Humidity, Temperature). However, it was seen that Relative Humidity 

impacted the colour fade more than either temperature or Light separately. The combined cumulative 

damage of all three parameters, was found to be more damaging, than each individual condition 

separately. The best-case scenario for prolonging the RUL of the silk was based on scenarios 
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involving object rotation, (moving the silk from display into storage for a period of time), in which 

the RUL was seen to increase from a typical 28 years to approximately 50 years. These modelled 

predictions were seen to be useful in informing decision-making relating to the prolongation of the 

RUL of the Silk chairs, minimising costly reactive interventive restorations. 

Future recommendations include, the further adoption by the Wallace Collection of this condition-

based conservation methodology and its derived modelled output for the Shrewsbury Set;  Greater 

emphasis on the collection of additional annual or monthly condition data points using a colorimeter; 

Expanding the methodology and its application to other other silk  based artefacts in the Wallace 

Collection; Creating a colourimeter database for silk artefacts with a view towards enabling further 

research, and aiding long-term conservation more generally within the broader community of 

museums.  Whilst the impact of UV light prior to 2007, was not considered in this modelling, 

primarily because there was an absence of suitable data, it was seen that the deployment from 2007 

onwards, of conservation UV filters on windows and low UV from artificial lighting, meant that the 

silks exposure to UV was minimised to almost negligible levels during this time. However, the 

missing data is an unknown factor, and so it is recommended that the impact of this could be further 

investigated to determine its significance to the conservation recommendations. Future development 

of a diagnostic and prognostic tool could be developed within a mobile based application, codifying 

the PHM method, and combining the function of the colourimeter. Finally, this novel 

interdisciplinary research can be extended, practically, for use in the conservation of other artefacts, 

for example, other textiles, the fade of paint on wood artefacts, or marquetry.  
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8.   APPENDIX 

 
8.1. Additional Historic Environmental Data Samples  

8.1.1. Temperature and Humidity Charts 

 

 

 

Figure 8-1: Weekly Temperature and Relative Humidity Charts 
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8.1.2. Archived Historical Temperature and Humidity Readings  

 

Figure 8-2: Record of Temperature and Relative Humidity Charts archived 
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8.1.3. Sample Hygrothermographs Readings  
 

 

 

 

Figure 8-3: Hygrothermograph Sample Readings of Temperature and RH 
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8.1.4. Historical Temperature and Humidity Readings  
 

 

Figure 8-4: Sample of manual record keeping of temperature and RH readings  
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8.1.5. Historical Temperature  and Humidity Readings  

 

Figure 8-5: Sample temperature and humidity HygroClip readings  
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8.2. Shrewsbury Set: Sourced from The Wallace Collection Archives 
 

 
Figure 8-6: Shrewsbury Set armchair c.1890 

 
 

 
Figure 8-7: Shrewsbury Set Silk Restoration details 
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8.3 TES 136 Chroma Meter Tristimulus measurements (in-situ)  

 

Silk Sample Reference  X Y  Z 

1. Sample 1 on Display since 1956    

Reading 1 190.9 179.1 105.1 

Reading 2 190 178.1 105.1 

Average 190.5 178.6 105.1 

2. Sample 2 on display since 1991 and 

kept in storage conditions before that 
   

Reading 1 226.2 218.7 117.3 

Reading 2 220.8 212.2 113.8 

Reading 3 226.4 214.1 114.6 

Average 224.5 215.0 115.2 

3. Silk Sample 3 in storage since 1956    

Reading 1 242.4 232.1 140.1 

Reading 2 240.2 230.2 137.6 

Reading 3 242.4 231.7 139.6 

Sample 4 on display since 1993 and kept in 

storage conditions before that 

   

Reading 1 227.2 213.1 119.1 

Reading 2 222 212.9 118.8 

Reading 3 228.9 214.9 120 

Average 227.7 213.6 119.3 

Table 8-1: Primary Condition Data - Chromameter multiple readings 
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8.4. Chromameter Data Analysed  
 

 

 
Figure 8-8: Chromameter data analysed for the four silk conditions 
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8.5. Effect of the environmental parameters  

8.5.1 For Sample Reference 1 (Display Since 1956) 

    

Table 8-2: Environmental conditions (k1)   

Year Temp (℃ ) RH (%) Lux (lx) Temp (K) (0.1T-28.7) alpha[(0.1T-28.7)RH]∆t gamma(lv * RH)∆t ∆t

1956 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1957 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1958 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1959 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1960 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1961 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1962 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1963 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1964 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1965 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1966 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1967 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1968 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1969 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1970 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1971 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1972 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1973 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1974 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1975 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1976 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1977 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1978 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1979 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1980 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1981 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1982 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1983 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1984 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1985 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1986 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1987 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1988 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1989 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1990 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1991 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1992 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1993 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1994 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1995 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1996 19.60 58.50 55 292.8 0.58 33.64 3217.50 1
1997 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1998 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
1999 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2000 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2001 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2002 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2003 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2004 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2005 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2006 20.5 58.0 55 293.7 0.66 38.57 3190.00 1
2007 21.0 60.0 55 294.2 0.72 42.90 3300.00 1
2008 21.6 64.0 55 294.7 0.77 49.42 3520.00 1
2009 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2010 21.2 51.4 55 294.4 0.73 37.78 2827.00 1
2011 20.7 56.7 55 293.9 0.68 38.84 3118.50 1
2012 21.0 56.7 55 294.2 0.72 40.73 3118.50 1
2013 20.1 56.7 55 293.3 0.63 35.62 3118.50 1
2014 20.3 53.4 49.95 293.4 0.64 34.40 2669.45 1
2015 20.6 52.3 54.33 293.8 0.68 35.44 2840.57 1
2016 19.7 52.4 52.76 292.9 0.59 30.83 2762.65 1
2017 19.8 54.6 55.66 293.0 0.60 32.66 3039.13 1

54.9 2392.80 192646.80
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8.5.2. Sample Condition 2 (on Display since 1991) 

 

Table 8-3: Environmental conditions (k2)   
 

Year Temp (℃ ) RH (%) Lux (lx) Temp (K) (0.1T-28.7) alpha[(0.1T-28.7)RH]∆t gamma(lv * RH)∆t ∆t

1991 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1992 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1993 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1994 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1995 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1996 19.60 58.50 55 292.8 0.575 33.64 3217.50 1
1997 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1998 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1999 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2000 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2001 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2002 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2003 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2004 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2005 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2006 20.5 58.0 55 293.7 0.665 38.57 3190.00 1
2007 21.0 60.0 55 294.2 0.715 42.90 3300.00 1
2008 21.6 64.0 55 294.7 0.772 49.42 3520.00 1
2009 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2010 21.2 51.4 55 294.4 0.735 37.78 2827.00 1
2011 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2012 21.0 56.7 55 294.2 0.718 40.73 3118.50 1
2013 20.1 56.7 55 293.3 0.628 35.62 3118.50 1
2014 20.3 53.4 49.9 293.4 0.644 34.40 2669.45 1
2015 20.6 52.3 54.3 293.8 0.678 35.44 2840.57 1
2016 19.7 52.4 52.8 292.9 0.589 30.83 2762.65 1
2017 19.8 54.6 55.7 293.0 0.598 32.66 3039.13 1

1033.42 83499.30
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8.5.3. Sample Condition 3 (In Storage Since 1956) 

 

Table 8-4: Environmental storage conditions (k3)   
 

 

Year Temp (℃ ) RH (%) Lux (lx) Temp (K) (0.1T-28.7) alpha[(0.1T-28.7)RH]∆t gamma(V x RH)∆t ∆t

1956 16 50 5 289.2 0.22 10.75 250.00 1
1957 16 50 5 289.2 0.22 10.75 250.00 1
1958 16 50 5 289.2 0.22 10.75 250.00 1
1959 16 50 5 289.2 0.22 10.75 250.00 1
1960 16 50 5 289.2 0.22 10.75 250.00 1
1961 16 50 5 289.2 0.22 10.75 250.00 1
1962 16 50 5 289.2 0.22 10.75 250.00 1
1963 16 50 5 289.2 0.22 10.75 250.00 1
1964 16 50 5 289.2 0.22 10.75 250.00 1
1965 16 50 5 289.2 0.22 10.75 250.00 1
1966 16 50 5 289.2 0.22 10.75 250.00 1
1967 16 50 5 289.2 0.22 10.75 250.00 1
1968 16 50 5 289.2 0.22 10.75 250.00 1
1969 16 50 5 289.2 0.22 10.75 250.00 1
1970 16 50 5 289.2 0.22 10.75 250.00 1
1971 16 50 5 289.2 0.22 10.75 250.00 1
1972 16 50 5 289.2 0.22 10.75 250.00 1
1973 16 50 5 289.2 0.22 10.75 250.00 1
1974 16 50 5 289.2 0.22 10.75 250.00 1
1975 16 50 5 289.2 0.22 10.75 250.00 1
1976 16 50 5 289.2 0.22 10.75 250.00 1
1977 16 50 5 289.2 0.22 10.75 250.00 1
1978 16 50 5 289.2 0.22 10.75 250.00 1
1979 16 50 5 289.2 0.22 10.75 250.00 1
1980 16 50 5 289.2 0.22 10.75 250.00 1
1981 16 50 5 289.2 0.22 10.75 250.00 1
1982 16 50 5 289.2 0.22 10.75 250.00 1
1983 16 50 5 289.2 0.22 10.75 250.00 1
1984 16 50 5 289.2 0.22 10.75 250.00 1
1985 16 50 5 289.2 0.22 10.75 250.00 1
1986 16 50 5 289.2 0.22 10.75 250.00 1
1987 16 50 5 289.2 0.22 10.75 250.00 1
1988 16 50 5 289.2 0.22 10.75 250.00 1
1989 16 50 5 289.2 0.22 10.75 250.00 1
1990 16 50 5 289.2 0.22 10.75 250.00 1
1991 16 50 5 289.2 0.22 10.75 250.00 1
1992 16 50 5 289.2 0.22 10.75 250.00 1
1993 16 50 5 289.2 0.22 10.75 250.00 1
1994 16 50 5 289.2 0.22 10.75 250.00 1
1995 16 50 5 289.2 0.22 10.75 250.00 1
1996 16 50 5 289.2 0.22 10.75 250.00 1
1997 16 50 5 289.2 0.22 10.75 250.00 1
1998 16 50 5 289.2 0.22 10.75 250.00 1
1999 16 50 5 289.2 0.22 10.75 250.00 1
2000 16 50 5 289.2 0.22 10.75 250.00 1
2001 16 50 5 289.2 0.22 10.75 250.00 1
2002 16 50 5 289.2 0.22 10.75 250.00 1
2003 16 50 5 289.2 0.22 10.75 250.00 1
2004 16 50 5 289.2 0.22 10.75 250.00 1
2005 16 50 5 289.2 0.22 10.75 250.00 1
2006 16 50 5 289.2 0.22 10.75 250.00 1
2007 16 50 5 289.2 0.22 10.75 250.00 1
2008 16 50 5 289.2 0.22 10.75 250.00 1
2009 16 50 5 289.2 0.22 10.75 250.00 1
2010 16 50 5 289.2 0.22 10.75 250.00 1
2011 16 50 5 289.2 0.22 10.75 250.00 1
2012 16 50 5 289.2 0.22 10.75 250.00 1
2013 16 50 5 289.2 0.22 10.75 250.00 1
2014 16 50 5 289.2 0.22 10.75 250.00 1
2015 16 50 5 289.2 0.22 10.75 250.00 1
2016 16 50 5 289.2 0.22 10.75 250.00 1
2017 16 50 5 289.2 0.22 10.75 250.00 1

666.50 15500.00
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8.5.4. Sample Reference 4 (Display since 1993) for Model Validation (S1 and S2) 
 

 
Table 8-5: Environmental conditions (k4)   

 

 

 

  

Year Temp (℃ ) RH (%) Lux (lx) Temp (K) (0.1T-28.7) alpha[(0.1T-28.7)RH]∆t gamma(lv * RH)∆t ∆t

1993 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1994 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1995 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1996 19.60 58.50 55 292.8 0.575 33.64 3217.50 1
1997 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1998 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
1999 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2000 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2001 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2002 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2003 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2004 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2005 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2006 20.5 58.0 55 293.7 0.665 38.57 3190.00 1
2007 21.0 60.0 55 294.2 0.715 42.90 3300.00 1
2008 21.6 64.0 55 294.7 0.772 49.42 3520.00 1
2009 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2010 21.2 51.4 55 294.4 0.735 37.78 2827.00 1
2011 20.7 56.7 55 293.9 0.685 38.84 3118.50 1
2012 21.0 56.7 55 294.2 0.718 40.73 3118.50 1
2013 20.1 56.7 55 293.3 0.628 35.62 3118.50 1
2014 20.3 53.4 49.9 293.4 0.644 34.40 2669.45 1
2015 20.6 52.3 54.3 293.8 0.678 35.44 2840.57 1
2016 19.7 52.4 52.8 292.9 0.589 30.83 2762.65 1
2017 19.8 54.6 55.7 293.0 0.598 32.66 3039.13 1

955.74 77262.30
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8.6. Colour Fade Model Parameters derived through Optimisation   

    
VISUAL DOC RESULTS     
      
  fr fr1   
  1.00E-06 1.00E-06   
      
  alpha Vdoc gamma Vdoc   
  3.021227E+01 1.115565E+00   
      
  alpha model gamma model   
  3.02E-05 1.12E-06   
        

Table 8-6: Visual Doc optimisation results 
 

𝜶  𝜸  𝑪𝟎 

3.02E-05 1.12E-06 376.12 

Table 8-7: Results of model unknown parameters derived mathematically 
 

 

Figure 8-9: Exponential Silk Colour Fade Model 
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8.7 Model Validation with Sample Condition 4 – On display 1993 
 

𝐒𝐚𝐦𝐩𝐥𝐞 𝐞𝐧𝐯𝐢𝐫𝐨𝐧𝐦𝐞𝐧𝐭𝐚𝐥 𝐜𝐨𝐧𝐝𝐢𝐭𝐢𝐨𝐧𝐬  (k) 𝑆1(𝑘) 𝑆2(𝑘) 
 

4. On display since 1993 
 

955.74 77262.30 

Table 8-8: Cumulative environmental damage for sample condition 4   
 

 
Table 8-9: Model Prediction of test sample condition 4 

 

𝐒𝐚𝐦𝐩𝐥𝐞 𝐞𝐧𝐯. 𝐜𝐨𝐧𝐝𝐢𝐭𝐢𝐨𝐧𝐬  (k) Measured 
value (M) 

Model 
forecast 

Variance 𝑆1(𝑘) 𝑆2(𝑘) 

 
4. On display since 1993 

 
334.2 335.1 0.9 955.74 77262.30 

Table 8-10: Model validation of test sample condition 4 
 

 
 

 
Figure 8-10: Model validation of test sample condition 4 

 

 

Year Temp (℃ ) RH(%) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 376.00

2020 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 955.74 77262.30 335.13
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8.8. Prognostic Modelling for Silk Sample Reference 2 (1991) 

8.8.1. Scenario 1 Typical Conditions 

 

Table 8-11: Cumulative degradation data (Scenario 1) 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 38.84 3118.50 329.46 1
2021 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 77.68 6237.00 327.93 2
2022 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 116.52 9355.50 326.41 3
2023 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 155.36 12474.00 324.90 4
2024 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 194.20 15592.50 323.39 5
2025 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 233.04 18711.00 321.89 6
2026 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 271.88 21829.50 320.39 7
2027 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 310.72 24948.00 318.91 8
2028 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 349.56 28066.50 317.43 9
2029 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 388.39 31185.00 315.95 10
2030 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 427.23 34303.50 314.49 11
2031 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 466.07 37422.00 313.03 12
2032 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 504.91 40540.50 311.57 13
2033 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 543.75 43659.00 310.13 14
2034 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 582.59 46777.50 308.69 15
2035 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 621.43 49896.00 307.26 16
2036 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 660.27 53014.50 305.83 17
2037 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 699.11 56133.00 304.41 18
2038 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 737.95 59251.50 303.00 19
2039 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 776.79 62370.00 301.59 20
2040 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 815.63 65488.50 300.19 21
2041 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 854.47 68607.00 298.80 22
2042 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 893.31 71725.50 297.41 23
2043 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 932.15 74844.00 296.03 24
2044 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 970.99 77962.50 294.66 25
2045 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1009.83 81081.00 293.29 26
2046 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1048.67 84199.50 291.93 27
2047 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1087.51 87318.00 290.57 28
2048 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1126.35 90436.50 289.22 29
2049 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1165.19 93555.00 287.88 30
2050 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1204.02 96673.50 286.55 31
2051 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1242.86 99792.00 285.22 32
2052 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1281.70 102910.50 283.89 33
2053 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1320.54 106029.00 282.57 34
2054 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1359.38 109147.50 281.26 35
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8.8.2. Scenario 2 Raised Museum Conditions (1 unit) 
 

 
 

Table 8-12: Cumulative degradation data (Scenario 2)  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 45.29 3231.20 329.36 1
2021 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 90.59 6462.40 327.72 2
2022 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 135.88 9693.60 326.10 3
2023 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 181.18 12924.80 324.48 4
2024 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 226.47 16156.00 322.87 5
2025 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 271.77 19387.20 321.27 6
2026 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 317.06 22618.40 319.68 7
2027 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 362.36 25849.60 318.09 8
2028 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 407.65 29080.80 316.51 9
2029 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 452.95 32312.00 314.94 10
2030 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 498.24 35543.20 313.38 11
2031 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 543.53 38774.40 311.82 12
2032 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 588.83 42005.60 310.28 13
2033 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 634.12 45236.80 308.74 14
2034 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 679.42 48468.00 307.21 15
2035 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 724.71 51699.20 305.68 16
2036 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 770.01 54930.40 304.17 17
2037 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 815.30 58161.60 302.66 18
2038 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 860.60 61392.80 301.16 19
2039 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 905.89 64624.00 299.66 20
2040 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 951.18 67855.20 298.18 21
2041 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 996.48 71086.40 296.70 22
2042 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1041.77 74317.60 295.23 23
2043 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1087.07 77548.80 293.76 24
2044 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1132.36 80780.00 292.30 25
2045 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1177.66 84011.20 290.85 26
2046 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1222.95 87242.40 289.41 27
2047 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1268.25 90473.60 287.97 28
2048 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1313.54 93704.80 286.55 29
2049 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1358.84 96936.00 285.12 30
2050 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1404.13 100167.20 283.71 31
2051 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1449.42 103398.40 282.30 32
2052 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1494.72 106629.60 280.90 33
2053 21.7 57.70 56.00 294.9 0.79 45.29 3231.20 1 1540.01 109860.80 279.51 34
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8.8.3. Scenario 3 Increased Conditions (10%) 
 

 
Table 8-13: Cumulative degradation data (Scenario 3) 

 
 
8.8.4. Scenario 4 Harsh Conditions ( 15%) 
 

 
Table 8-14: Cumulative degradation data (Scenario 4)  

 
  

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 55.22 3775.20 329.06 1
2021 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 110.45 7550.40 327.13 2
2022 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 165.67 11325.60 325.21 3
2023 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 220.90 15100.80 323.31 4
2024 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 276.12 18876.00 321.41 5
2025 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 331.34 22651.20 319.53 6
2026 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 386.57 26426.40 317.65 7
2027 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 441.79 30201.60 315.79 8
2028 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 497.02 33976.80 313.94 9
2029 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 552.24 37752.00 312.10 10
2030 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 607.46 41527.20 310.27 11
2031 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 662.69 45302.40 308.45 12
2032 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 717.91 49077.60 306.64 13
2033 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 773.14 52852.80 304.84 14
2034 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 828.36 56628.00 303.06 15
2035 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 883.58 60403.20 301.28 16
2036 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 938.81 64178.40 299.51 17
2037 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 994.03 67953.60 297.76 18
2038 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1049.26 71728.80 296.01 19
2039 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1104.48 75504.00 294.28 20
2040 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1159.70 79279.20 292.55 21
2041 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1214.93 83054.40 290.84 22
2042 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1270.15 86829.60 289.13 23
2043 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1325.38 90604.80 287.44 24
2044 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1380.60 94380.00 285.75 25
2045 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1435.82 98155.20 284.08 26
2046 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1491.05 101930.40 282.41 27
2047 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1546.27 105705.60 280.75 28
2048 22.7 62.4 60.5 295.9 0.88 55.22 3775.20 1 1601.50 109480.80 279.11 29

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 64.87 4120.64 328.84 1
2021 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 129.75 8241.28 326.69 2
2022 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 194.62 12361.92 324.55 3
2023 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 259.50 16482.56 322.43 4
2024 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 324.37 20603.20 320.32 5
2025 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 389.24 24723.84 318.23 6
2026 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 454.12 28844.48 316.15 7
2027 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 518.99 32965.12 314.09 8
2028 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 583.87 37085.76 312.03 9
2029 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 648.74 41206.40 309.99 10
2030 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 713.61 45327.04 307.97 11
2031 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 778.49 49447.68 305.95 12
2032 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 843.36 53568.32 303.95 13
2033 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 908.24 57688.96 301.97 14
2034 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 973.11 61809.60 300.00 15
2035 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1037.98 65930.24 298.03 16
2036 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1102.86 70050.88 296.09 17
2037 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1167.73 74171.52 294.15 18
2038 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1232.61 78292.16 292.23 19
2039 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1297.48 82412.80 290.32 20
2040 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1362.35 86533.44 288.42 21
2041 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1427.23 90654.08 286.54 22
2042 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1492.10 94774.72 284.66 23
2043 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1556.98 98895.36 282.80 24
2044 23.8 65.20 63.20 297.0 1.00 64.87 4120.64 1 1621.85 103016.00 280.96 25
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8.8.5. Scenario 5 Lowered Conditions (-5%) 
 
 

 
Table 8-15: Cumulative degradation data (Scenario 5) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 30.99 2816.28 329.65 1
2021 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 61.99 5632.55 328.31 2
2022 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 92.98 8448.83 326.98 3
2023 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 123.97 11265.10 325.64 4
2024 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 154.96 14081.38 324.32 5
2025 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 185.96 16897.65 323.00 6
2026 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 216.95 19713.93 321.68 7
2027 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 247.94 22530.20 320.38 8
2028 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 278.93 25346.48 319.07 9
2029 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 309.93 28162.75 317.77 10
2030 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 340.92 30979.03 316.48 11
2031 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 371.91 33795.30 315.19 12
2032 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 402.90 36611.58 313.91 13
2033 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 433.90 39427.85 312.63 14
2034 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 464.89 42244.13 311.36 15
2035 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 495.88 45060.40 310.09 16
2036 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 526.87 47876.68 308.83 17
2037 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 557.87 50692.95 307.57 18
2038 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 588.86 53509.23 306.32 19
2039 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 619.85 56325.50 305.07 20
2040 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 650.84 59141.78 303.83 21
2041 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 681.84 61958.05 302.60 22
2042 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 712.83 64774.33 301.37 23
2043 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 743.82 67590.60 300.14 24
2044 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 774.81 70406.88 298.92 25
2045 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 805.81 73223.15 297.70 26
2046 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 836.80 76039.43 296.49 27
2047 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 867.79 78855.70 295.28 28
2048 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 898.78 81671.98 294.08 29
2049 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 929.78 84488.25 292.88 30
2050 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 960.77 87304.53 291.69 31
2051 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 991.76 90120.80 290.50 32
2052 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1022.75 92937.08 289.32 33
2053 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1053.75 95753.35 288.14 34
2054 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1084.74 98569.63 286.97 35
2055 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1115.73 101385.90 285.80 36
2056 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1146.72 104202.18 284.64 37
2057 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1177.72 107018.45 283.48 38
2058 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1208.71 109834.73 282.33 39
2059 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1239.70 112651.00 281.18 40
2060 19.6 53.9 52.25 292.8 0.58 30.99 2816.28 1 1270.69 115467.28 280.04 41
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8.8.6. Scenario 6 Reduced Conditions (-15%) 
 

 
Table 8-16: Cumulative degradation data (Scenario 6)  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 18.08 2253.35 329.99 1
2021 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 36.15 4506.70 328.98 2
2022 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 54.23 6760.05 327.98 3
2023 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 72.30 9013.40 326.97 4
2024 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 90.38 11266.75 325.97 5
2025 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 108.45 13520.10 324.98 6
2026 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 126.53 15773.45 323.99 7
2027 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 144.60 18026.80 323.00 8
2028 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 162.68 20280.15 322.01 9
2029 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 180.75 22533.50 321.03 10
2030 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 198.83 24786.85 320.04 11
2031 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 216.90 27040.20 319.07 12
2032 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 234.98 29293.55 318.09 13
2033 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 253.05 31546.90 317.12 14
2034 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 271.13 33800.25 316.15 15
2035 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 289.20 36053.60 315.19 16
2036 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 307.28 38306.95 314.22 17
2037 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 325.35 40560.30 313.26 18
2038 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 343.43 42813.65 312.31 19
2039 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 361.50 45067.00 311.35 20
2040 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 379.58 47320.35 310.40 21
2041 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 397.65 49573.70 309.45 22
2042 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 415.73 51827.05 308.51 23
2043 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 433.80 54080.40 307.56 24
2044 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 451.88 56333.75 306.62 25
2045 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 469.95 58587.10 305.69 26
2046 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 488.03 60840.45 304.75 27
2047 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 506.10 63093.80 303.82 28
2048 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 524.18 65347.15 302.89 29
2049 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 542.25 67600.50 301.97 30
2050 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 560.33 69853.85 301.05 31
2051 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 578.40 72107.20 300.13 32
2052 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 596.48 74360.55 299.21 33
2053 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 614.55 76613.90 298.30 34
2054 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 632.63 78867.25 297.38 35
2055 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 650.70 81120.60 296.48 36
2056 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 668.78 83373.95 295.57 37
2057 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 686.85 85627.30 294.67 38
2058 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 704.93 87880.65 293.77 39
2059 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 723.00 90134.00 292.87 40
2060 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 741.08 92387.35 291.97 41
2061 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 759.15 94640.70 291.08 42
2062 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 777.23 96894.05 290.19 43
2063 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 795.30 99147.40 289.31 44
2064 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 813.38 101400.75 288.42 45
2065 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 831.45 103654.10 287.54 46
2066 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 849.53 105907.45 286.66 47
2067 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 867.60 108160.80 285.79 48
2068 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 885.68 110414.15 284.91 49
2069 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 903.75 112667.50 284.04 50
2070 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 921.83 114920.85 283.18 51
2071 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 939.90 117174.20 282.31 52
2072 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 957.98 119427.55 281.45 53
2073 17.6 48.20 46.75 290.8 0.38 18.08 2253.35 1 976.05 121680.90 280.59 54
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8.8.7. Scenario 7 Lower limit of the recommended museum standard 
 

 
Table 8-17: Cumulative degradation data (Scenario 7) 

 

 

 

 

 

 
 

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 19 45 45 292.2 0.52 23.18 2025.00 1 23.18 2025.00 330.02 1
2021 19 45 45 292.2 0.52 23.18 2025.00 1 46.35 4050.00 329.05 2
2022 19 45 45 292.2 0.52 23.18 2025.00 1 69.53 6075.00 328.07 3
2023 19 45 45 292.2 0.52 23.18 2025.00 1 92.70 8100.00 327.11 4
2024 19 45 45 292.2 0.52 23.18 2025.00 1 115.88 10125.00 326.14 5
2025 19 45 45 292.2 0.52 23.18 2025.00 1 139.05 12150.00 325.17 6
2026 19 45 45 292.2 0.52 23.18 2025.00 1 162.23 14175.00 324.21 7
2027 19 45 45 292.2 0.52 23.18 2025.00 1 185.40 16200.00 323.26 8
2028 19 45 45 292.2 0.52 23.18 2025.00 1 208.58 18225.00 322.30 9
2029 19 45 45 292.2 0.52 23.18 2025.00 1 231.75 20250.00 321.35 10
2030 19 45 45 292.2 0.52 23.18 2025.00 1 254.93 22275.00 320.40 11
2031 19 45 45 292.2 0.52 23.18 2025.00 1 278.10 24300.00 319.45 12
2032 19 45 45 292.2 0.52 23.18 2025.00 1 301.28 26325.00 318.51 13
2033 19 45 45 292.2 0.52 23.18 2025.00 1 324.45 28350.00 317.57 14
2034 19 45 45 292.2 0.52 23.18 2025.00 1 347.63 30375.00 316.63 15
2035 19 45 45 292.2 0.52 23.18 2025.00 1 370.80 32400.00 315.69 16
2036 19 45 45 292.2 0.52 23.18 2025.00 1 393.98 34425.00 314.76 17
2037 19 45 45 292.2 0.52 23.18 2025.00 1 417.15 36450.00 313.83 18
2038 19 45 45 292.2 0.52 23.18 2025.00 1 440.33 38475.00 312.90 19
2039 19 45 45 292.2 0.52 23.18 2025.00 1 463.50 40500.00 311.98 20
2040 19 45 45 292.2 0.52 23.18 2025.00 1 486.68 42525.00 311.06 21
2041 19 45 45 292.2 0.52 23.18 2025.00 1 509.85 44550.00 310.14 22
2042 19 45 45 292.2 0.52 23.18 2025.00 1 533.03 46575.00 309.22 23
2043 19 45 45 292.2 0.52 23.18 2025.00 1 556.20 48600.00 308.31 24
2044 19 45 45 292.2 0.52 23.18 2025.00 1 579.38 50625.00 307.40 25
2045 19 45 45 292.2 0.52 23.18 2025.00 1 602.55 52650.00 306.49 26
2046 19 45 45 292.2 0.52 23.18 2025.00 1 625.73 54675.00 305.58 27
2047 19 45 45 292.2 0.52 23.18 2025.00 1 648.90 56700.00 304.68 28
2048 19 45 45 292.2 0.52 23.18 2025.00 1 672.08 58725.00 303.78 29
2049 19 45 45 292.2 0.52 23.18 2025.00 1 695.25 60750.00 302.88 30
2050 19 45 45 292.2 0.52 23.18 2025.00 1 718.43 62775.00 301.99 31
2051 19 45 45 292.2 0.52 23.18 2025.00 1 741.60 64800.00 301.09 32
2052 19 45 45 292.2 0.52 23.18 2025.00 1 764.78 66825.00 300.20 33
2053 19 45 45 292.2 0.52 23.18 2025.00 1 787.95 68850.00 299.32 34
2054 19 45 45 292.2 0.52 23.18 2025.00 1 811.13 70875.00 298.43 35
2055 19 45 45 292.2 0.52 23.18 2025.00 1 834.30 72900.00 297.55 36
2056 19 45 45 292.2 0.52 23.18 2025.00 1 857.48 74925.00 296.67 37
2057 19 45 45 292.2 0.52 23.18 2025.00 1 880.65 76950.00 295.80 38
2058 19 45 45 292.2 0.52 23.18 2025.00 1 903.83 78975.00 294.92 39
2059 19 45 45 292.2 0.52 23.18 2025.00 1 927.00 81000.00 294.05 40
2060 19 45 45 292.2 0.52 23.18 2025.00 1 950.18 83025.00 293.18 41
2061 19 45 45 292.2 0.52 23.18 2025.00 1 973.35 85050.00 292.32 42
2062 19 45 45 292.2 0.52 23.18 2025.00 1 996.53 87075.00 291.45 43
2063 19 45 45 292.2 0.52 23.18 2025.00 1 1019.70 89100.00 290.59 44
2064 19 45 45 292.2 0.52 23.18 2025.00 1 1042.88 91125.00 289.73 45
2065 19 45 45 292.2 0.52 23.18 2025.00 1 1066.05 93150.00 288.88 46
2066 19 45 45 292.2 0.52 23.18 2025.00 1 1089.23 95175.00 288.02 47
2067 19 45 45 292.2 0.52 23.18 2025.00 1 1112.40 97200.00 287.17 48
2068 19 45 45 292.2 0.52 23.18 2025.00 1 1135.58 99225.00 286.32 49
2069 19 45 45 292.2 0.52 23.18 2025.00 1 1158.75 101250.00 285.48 50
2070 19 45 45 292.2 0.52 23.18 2025.00 1 1181.93 103275.00 284.63 51
2071 19 45 45 292.2 0.52 23.18 2025.00 1 1205.10 105300.00 283.79 52
2072 19 45 45 292.2 0.52 23.18 2025.00 1 1228.28 107325.00 282.95 53
2073 19 45 45 292.2 0.52 23.18 2025.00 1 1251.45 109350.00 282.12 54
2074 19 45 45 292.2 0.52 23.18 2025.00 1 1274.63 111375.00 281.28 55
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8.8.8. Scenario 8 (a, b, c) Each environmental parameter individually increased 

by 15% 

 

 
Table 8-18: Cumulative degradation data (15% Raised RH)   

 
 

 
Table 8-19: Cumulative degradation data (15% Raised Temperature) 

 

Year Temp (℃ ) RH(%) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 44.66 3586.00 329.23 1
2021 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 89.32 7172.00 327.48 2
2022 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 133.99 10758.00 325.73 3
2023 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 178.65 14344.00 323.99 4
2024 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 223.31 17930.00 322.26 5
2025 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 267.97 21516.00 320.54 6
2026 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 312.63 25102.00 318.83 7
2027 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 357.30 28688.00 317.13 8
2028 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 401.96 32274.00 315.44 9
2029 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 446.62 35860.00 313.76 10
2030 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 491.28 39446.00 312.08 11
2031 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 535.94 43032.00 310.42 12
2032 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 580.61 46618.00 308.76 13
2033 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 625.27 50204.00 307.11 14
2034 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 669.93 53790.00 305.48 15
2035 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 714.59 57376.00 303.85 16
2036 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 759.25 60962.00 302.23 17
2037 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 803.92 64548.00 300.61 18
2038 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 848.58 68134.00 299.01 19
2039 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 893.24 71720.00 297.41 20

2040 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 937.90 75306.00 295.83 21
2041 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 982.56 78892.00 294.25 22
2042 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1027.23 82478.00 292.68 23
2043 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1071.89 86064.00 291.12 24
2044 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1116.55 89650.00 289.56 25
2045 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1161.21 93236.00 288.02 26
2046 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1205.87 96822.00 286.48 27
2047 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1250.54 100408.00 284.95 28
2048 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1295.20 103994.00 283.43 29
2049 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1339.86 107580.00 281.92 30
2050 20.7 65.20 55.00 293.9 0.68 44.66 3586.00 1 1384.52 111166.00 280.42 31

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 56.42 3118.50 329.29 1
2021 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 112.83 6237.00 327.59 2
2022 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 169.25 9355.50 325.89 3
2023 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 225.67 12474.00 324.21 4
2024 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 282.08 15592.50 322.53 5
2025 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 338.50 18711.00 320.86 6
2026 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 394.92 21829.50 319.21 7
2027 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 451.33 24948.00 317.56 8
2028 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 507.75 28066.50 315.91 9
2029 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 564.17 31185.00 314.28 10
2030 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 620.58 34303.50 312.66 11
2031 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 677.00 37422.00 311.04 12
2032 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 733.41 40540.50 309.43 13
2033 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 789.83 43659.00 307.83 14
2034 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 846.25 46777.50 306.24 15
2035 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 902.66 49896.00 304.66 16
2036 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 959.08 53014.50 303.08 17
2037 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1015.50 56133.00 301.51 18
2038 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1071.91 59251.50 299.96 19
2039 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1128.33 62370.00 298.40 20

2040 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1184.75 65488.50 296.86 21
2041 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1241.16 68607.00 295.33 22
2042 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1297.58 71725.50 293.80 23
2043 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1354.00 74844.00 292.28 24
2044 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1410.41 77962.50 290.77 25
2045 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1466.83 81081.00 289.27 26
2046 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1523.25 84199.50 287.77 27
2047 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1579.66 87318.00 286.28 28
2048 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1636.08 90436.50 284.80 29
2049 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1692.50 93555.00 283.33 30
2050 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1748.91 96673.50 281.87 31
2051 23.8 56.70 55.00 297.0 1.00 56.42 3118.50 1 1805.33 99792.00 280.41 32
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Table 8-20: Cumulative degradation data (15% Raised Lux) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 38.84 3586.28 329.29 1
2021 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 77.68 7172.55 327.59 2
2022 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 116.52 10758.83 325.90 3
2023 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 155.36 14345.10 324.22 4
2024 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 194.20 17931.38 322.55 5
2025 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 233.04 21517.65 320.88 6
2026 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 271.88 25103.93 319.23 7
2027 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 310.72 28690.20 317.58 8
2028 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 349.56 32276.48 315.94 9
2029 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 388.39 35862.75 314.31 10
2030 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 427.23 39449.03 312.69 11
2031 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 466.07 43035.30 311.07 12
2032 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 504.91 46621.58 309.47 13
2033 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 543.75 50207.85 307.87 14
2034 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 582.59 53794.13 306.28 15
2035 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 621.43 57380.40 304.70 16
2036 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 660.27 60966.68 303.13 17
2037 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 699.11 64552.95 301.56 18
2038 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 737.95 68139.23 300.01 19
2039 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 776.79 71725.50 298.46 20

2040 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 815.63 75311.78 296.92 21
2041 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 854.47 78898.05 295.39 22
2042 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 893.31 82484.33 293.86 23
2043 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 932.15 86070.60 292.35 24
2044 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 970.99 89656.88 290.84 25
2045 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 1009.83 93243.15 289.34 26
2046 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 1048.67 96829.43 287.84 27
2047 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 1087.51 100415.70 286.36 28
2048 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 1126.35 104001.98 284.88 29
2049 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 1165.19 107588.25 283.41 30
2050 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 1204.02 111174.53 281.95 31
2051 20.7 56.70 63.25 293.9 0.68 38.84 3586.28 1 1242.86 114760.80 280.49 32
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8.8.9. Scenario 9 Alternating Annual Environmental Conditions 
 

 
Table 8-21: Cumulative degradation data (Scenario 9)  

 
 
 
 
 
 
 
 
 
 
 

Year Temp (℃ ) RH(% ) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 38.84 3118.50 329.46 1
2021 16 50 5 289.2 0.22 10.75 250.00 1 49.59 3368.50 329.26 2
2022 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 88.43 6487.00 327.74 3
2023 16 50 5 289.2 0.22 10.75 250.00 1 99.18 6737.00 327.54 4
2024 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 138.02 9855.50 326.02 5
2025 16 50 5 289.2 0.22 10.75 250.00 1 148.77 10105.50 325.82 6
2026 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 187.61 13224.00 324.31 7
2027 16 50 5 289.2 0.22 10.75 250.00 1 198.36 13474.00 324.11 8
2028 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 237.20 16592.50 322.61 9
2029 16 50 5 289.2 0.22 10.75 250.00 1 247.95 16842.50 322.41 10
2030 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 286.79 19961.00 320.92 11
2031 16 50 5 289.2 0.22 10.75 250.00 1 297.54 20211.00 320.72 12
2032 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 336.38 23329.50 319.24 13
2033 16 50 5 289.2 0.22 10.75 250.00 1 347.13 23579.50 319.04 14
2034 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 385.97 26698.00 317.56 15
2035 16 50 5 289.2 0.22 10.75 250.00 1 396.72 26948.00 317.37 16
2036 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 435.56 30066.50 315.90 17
2037 16 50 5 289.2 0.22 10.75 250.00 1 446.31 30316.50 315.71 18
2038 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 485.14 33435.00 314.24 19
2039 16 50 5 289.2 0.22 10.75 250.00 1 495.89 33685.00 314.05 20
2040 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 534.73 36803.50 312.59 21
2041 16 50 5 289.2 0.22 10.75 250.00 1 545.48 37053.50 312.41 22
2042 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 584.32 40172.00 310.96 23
2043 16 50 5 289.2 0.22 10.75 250.00 1 595.07 40422.00 310.77 24
2044 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 633.91 43540.50 309.33 25
2045 16 50 5 289.2 0.22 10.75 250.00 1 644.66 43790.50 309.14 26
2046 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 683.50 46909.00 307.70 27
2047 16 50 5 289.2 0.22 10.75 250.00 1 694.25 47159.00 307.52 28
2048 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 733.09 50277.50 306.09 29
2049 16 50 5 289.2 0.22 10.75 250.00 1 743.84 50527.50 305.91 30
2050 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 782.68 53646.00 304.49 31
2051 16 50 5 289.2 0.22 10.75 250.00 1 793.43 53896.00 304.30 32
2052 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 832.27 57014.50 302.89 33
2053 16 50 5 289.2 0.22 10.75 250.00 1 843.02 57264.50 302.71 34
2054 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 881.86 60383.00 301.30 35
2055 16 50 5 289.2 0.22 10.75 250.00 1 892.61 60633.00 301.12 36
2056 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 931.45 63751.50 299.72 37
2057 16 50 5 289.2 0.22 10.75 250.00 1 942.20 64001.50 299.54 38
2058 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 981.04 67120.00 298.15 39
2059 16 50 5 289.2 0.22 10.75 250.00 1 991.79 67370.00 297.97 40
2060 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1030.63 70488.50 296.59 41
2061 16 50 5 289.2 0.22 10.75 250.00 1 1041.38 70738.50 296.41 42
2062 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1080.22 73857.00 295.03 43
2063 16 50 5 289.2 0.22 10.75 250.00 1 1090.97 74107.00 294.86 44
2064 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1129.81 77225.50 293.49 45
2065 16 50 5 289.2 0.22 10.75 250.00 1 1140.56 77475.50 293.31 46
2066 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1179.40 80594.00 291.95 47
2067 16 50 5 289.2 0.22 10.75 250.00 1 1190.15 80844.00 291.77 48
2068 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1228.99 83962.50 290.42 49
2069 16 50 5 289.2 0.22 10.75 250.00 1 1239.74 84212.50 290.24 50
2070 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1278.58 87331.00 288.90 51
2071 16 50 5 289.2 0.22 10.75 250.00 1 1289.33 87581.00 288.72 52
2072 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1328.17 90699.50 287.38 53
2073 16 50 5 289.2 0.22 10.75 250.00 1 1338.92 90949.50 287.21 54
2074 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1377.76 94068.00 285.87 55
2075 16 50 5 289.2 0.22 10.75 250.00 1 1388.51 94318.00 285.70 56
2076 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1427.35 97436.50 284.38 57
2077 16 50 5 289.2 0.22 10.75 250.00 1 1438.10 97686.50 284.20 58
2078 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1476.94 100805.00 282.89 59
2079 16 50 5 289.2 0.22 10.75 250.00 1 1487.69 101055.00 282.71 60
2080 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1526.52 104173.50 281.40 61
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8.8.10. Scenario 10 Alternating Conditions Every Two Years 
 

 
Table 8-22: Cumulative degradation data (Alternating Two Years) 

 

Year Temp (℃ ) RH(%) Lux(lx) Temp (K ) (0.1T-28.7) [(0.1T-28.7)RH]∆t (v × RH)∆t ∆t S1 S2 331.00 0

2020 16 50 5 289.2 0.22 10.75 250.00 1 10.75 250.00 330.80 1
2021 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 49.59 3368.50 329.26 2
2022 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 88.43 6487.00 327.74 3
2023 16 50 5 289.2 0.22 10.75 250.00 1 99.18 6737.00 327.54 4
2024 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 138.02 9855.50 326.02 5
2025 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 176.86 12974.00 324.51 6
2026 16 50 5 289.2 0.22 10.75 250.00 1 187.61 13224.00 324.31 7
2027 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 226.45 16342.50 322.80 8
2028 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 265.29 19461.00 321.31 9
2029 16 50 5 289.2 0.22 10.75 250.00 1 276.04 19711.00 321.11 10
2030 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 314.88 22829.50 319.62 11
2031 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 353.72 25948.00 318.14 12
2032 16 50 5 289.2 0.22 10.75 250.00 1 364.47 26198.00 317.95 13
2033 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 403.31 29316.50 316.47 14
2034 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 442.14 32435.00 315.00 15
2035 16 50 5 289.2 0.22 10.75 250.00 1 452.89 32685.00 314.81 16
2036 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 491.73 35803.50 313.35 17
2037 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 530.57 38922.00 311.90 18
2038 16 50 5 289.2 0.22 10.75 250.00 1 541.32 39172.00 311.71 19
2039 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 580.16 42290.50 310.26 20

2040 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 619.00 45409.00 308.82 21
2041 16 50 5 289.2 0.22 10.75 250.00 1 629.75 45659.00 308.63 22
2042 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 668.59 48777.50 307.20 23
2043 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 707.43 51896.00 305.78 24
2044 16 50 5 289.2 0.22 10.75 250.00 1 718.18 52146.00 305.59 25
2045 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 757.02 55264.50 304.17 26
2046 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 795.86 58383.00 302.76 27
2047 16 50 5 289.2 0.22 10.75 250.00 1 806.61 58633.00 302.58 28
2048 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 845.45 61751.50 301.17 29
2049 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 884.29 64870.00 299.78 30
2050 16 50 5 289.2 0.22 10.75 250.00 1 895.04 65120.00 299.60 31
2051 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 933.88 68238.50 298.20 32
2052 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 972.72 71357.00 296.82 33
2053 16 50 5 289.2 0.22 10.75 250.00 1 983.47 71607.00 296.64 34
2054 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1022.31 74725.50 295.26 35
2055 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1061.15 77844.00 293.89 36
2056 16 50 5 289.2 0.22 10.75 250.00 1 1071.90 78094.00 293.72 37
2057 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1110.74 81212.50 292.35 38
2058 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1149.58 84331.00 291.00 39
2059 16 50 5 289.2 0.22 10.75 250.00 1 1160.33 84581.00 290.82 40
2060 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1199.17 87699.50 289.47 41
2061 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1238.01 90818.00 288.13 42
2062 16 50 5 289.2 0.22 10.75 250.00 1 1248.76 91068.00 287.95 43
2063 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1287.60 94186.50 286.62 44
2064 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1326.44 97305.00 285.29 45
2065 16 50 5 289.2 0.22 10.75 250.00 1 1337.19 97555.00 285.11 46
2066 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1376.02 100673.50 283.79 47
2067 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1414.86 103792.00 282.47 48
2068 16 50 5 289.2 0.22 10.75 250.00 1 1425.61 104042.00 282.30 49
2069 20.7 56.7 55 293.9 0.68 38.84 3118.50 1 1464.45 107160.50 280.99 50


