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ABSTRACT Chaotic invariant measures have been used to characterise the instabilities of fully developed gas-
solid flow patterns in horizontal pneumatic conveying of plastic pellets. These measures were applied to phase 
spaces (attractors) reconstructed from bottom arc-shaped electrostatic signals to characterise the behaviour of flow 
patterns: stratified flow, pulsating flow, moving dunes and blowing dunes. The flow patterns were identified using 
high-speed video imaging sight section of a pipeline and classified at several operating conditions in a flow pattern 
map and state diagram. It is found that optimal operating conditions at the minimum conveying air velocity in the 
state diagram are between moving dunes and blowing dunes. Chaotic features of electrostatic phase spaces are 
characterised using statistical measures capable of staying invariant at specific operating conditions, including 
Lyapunov exponent, approximate entropy and correlation dimension. The correlation between the chaotic invariant 
measures with the operating conditions is analysed through state diagrams, indicating that the fluctuations of 
electrostatic signals can classify the flow patterns at different solid mass flow rates. 
 
 
1. INTRODUCTION 
 
Dilute phase, transition phase and dense phase flows are the main modes of operation in a pneumatic conveying 
system. The flow pattern map and the state diagram are common ways of describing the gas-solid flow transition 
spectrum from dilute to dense phase flow operations for specific particulate material. The flow pattern map shows 
distributions of operating parameters, including air and solids mass flow rates, classified according to the observed 
flow patterns in a transparent pipeline [1], [2]. The state diagram is a function that relates average air velocity with 
air pressure drop per unit length of a pipeline having a constant inner diameter [1], [3]. The pressure drop directly 
relates to the air velocity in dilute phase flow operation and shifts to an indirect relationship for dense phase flow. 
The air velocity at the centre of this shifting curve is the optimal pneumatic conveying condition for minimum 
energy consumption, known as minimum conveying air velocity (MCAV). While the pressure drop line connecting 
the MCAV at different solid mass flow rates is known as the pressure drop minimum curve (PMC).  
 
The instabilities of flow patterns in the transition phase from dilute to dense phase flow increase as the operating 
conditions approach the PMC. The flow patterns in the transition phase near the PMC are rich with complex 
nonlinear dynamics. These dynamics can quantitatively be explored using high-dimensional phase spaces 
(attractors) reconstructed from time-series state measurements using the time-delay coordinate embedding method 
[4]. A phase space reconstructed from one state measurement of a system can reveal equivalent topology to the 
system state space. The topological feature of a reconstructed phase space can be described using statistical 
measures that, if captured correctly, can stay invariant across similar future phase space topologies, including 
fractal dimension, largest Lyapunov exponent (LE) and entropy [5]. The chaotic behaviour of an attractor is 
quantified using the LE measure, reflecting the separation of neighbouring trajectories in each dimension of the 
attractor.  
 
Considerable efforts have been made to characterise the complex dynamics of gas-solid flow patterns in horizontal 
pneumatic conveying systems through visual observation of 2D and 3D phase space reconstructed from pressure 
time-series signals [6]–[8]. Moreover, phase space invariant measures of gas-solid flow have been extensively 
studied in fluidised bed systems [9]–[13]. However, few studies aim to quantify the complex dynamics of gas-
solid flow in pneumatic conveying systems [6], [14]. The fractal dimension of the gas-solid flow pattern was 
studied by [6] using the Hurst exponent developed from pressure sensor signals in a horizontal pneumatic 
conveying system, indicating that the dilute phase has higher fractal complexity than the dense phase. Fu et al. 
[14] characterised gas-solid flow dynamics in a vertical pneumatic conveying system of fine pulverised coal using 
the approximate entropy measure from electrostatic signals as a measure of solid concentration to distinguish dilute 



from dense phase flow operations. It is found that the approximate entropy of electrostatic signals is higher in the 
dense phase than in the dilute phase flow operation. 
 
This paper aims to develop the LE measures from bottom arc-shaped electrostatic sensor time series data to 
characterise the chaotic behaviour of gas-solid flow in a horizontal pipeline system. The LE measure is calculated 
from a moving window of time-series data with a fixed step, allowing the flow complexity to be monitored in real 
time near the MCAV. The parameters set for developing the LE measure are estimated using a heuristic procedure 
or set to a constant. 
 
 
2. EXPERIMENTAL SETUP 
 
Experimental tests have been conducted in a close-loop industrial-scale pneumatic conveying system to capture 
fully developed gas-solid flow behaviour in a horizontal pipeline. Figure 1 shows a schematic of the industrial-
scale pneumatic conveying system and its main components. The main components of the pneumatic conveying 
system consist of a 0.1 m inner diameter pipeline with a total length of 127 m, receiving hopper and blow tank 
with a 1.5 m3, a screw feeder, and a nozzle bank. In the loop, there are eight bends and two vertical pipeline 
sections. The loop consists of horizontal pipeline sections except for the sections before the second bend and after 
the last bend. Two screw-type compressors are used to compress air in tanks at 5.2 bar, which is then regulated 
and introduced in the pipeline cycle from the blow tank to receiving hopper using the nozzle bank at two locations: 
the blow tank exit, also known as ‘blow tank air’ (the screw feeder inlet), and the pipeline inlet also known as 
‘supplementary air’ (the screw feeder outlet). The blow tank and supplementary air ratio can be adjusted per the 
requirement. Particulate materials are first fed to the blow tank through the feed hopper, then the blow tank is 
pressurised, and material is fed to the pipeline through a screw feeder using the blow tank and supplementary 
airflow. The air is separated from solids at the receiving hopper through a bag filter house with a surface area of 
35 m2. 
 

 
 

Figure 1 A schematic of the pneumatic conveying system set-up used to study the fully developed gas-solid 
flows in the horizontal pipeline downstream of the third bend 

 
 
The solid mass flow rate is measured using a load cell at the receiving hopper and controlled by choosing a suitable 
air ratio between the blow tank and supplementary air and screw feeder motor speed. The air mass flow rate at the 
inlet of the pneumatic conveying pipeline system is controlled using the nozzle bank. The nozzle bank consists of 
two sets of eight nozzle sizes, which can incrementally control the air mass flow rate at the blow tank exit and 
pipeline inlet using different combinations of nozzles for each set, each with a maximum limit of 0.38 kg/s. 
 
Pressure measurements of gas-solid flow are undertaken using eight pressure transducers manufactured by 
DRUCK, with measurements ranging from 0 to 40kPa. Pressure sensors are installed 8 m downstream of the third 



bend to ensure gas-solid flow is transitioned from accelerating to fully developed. The first set of four pressure 
sensors is installed equidistantly with a 2m separation distance, while the second set of four pressure is installed 
4m after the fourth sensor with an equidistance of 2m. Kumar et al. [15] developed the top and bottom arc-shaped 
electrostatic sensors assembly to measure the average velocity of charged particles. The primary source of 
electrostatic charge carried around solid particles is the collisional friction between particles and the surrounding 
pipeline inner wall, which continuously goes through positive and negative charges with a bimodal distribution. If 
fully charged particles pass through the 100% sensitivity zone (bottom section of the pipeline cross-section), the 
voltage signal will have high magnitudes and then return to zero and vice versa. The arc-shaped electrostatic 
sensors assembly is placed at 0.62 m from the first pressure sensor (P1), followed by a transparent pipeline to 
capture flow patterns using a high-speed video camera capturing images at 240 fps, as shown in Figure 2. 
 
Electrostatic signals were acquired from the bottom arc-shaped electrostatic electrode, which is amplified first 
using a transimpedance amplifier circuit with a measurement range from -5 to +5 volts and then sampled with the 
first pressure sensor (P1) using the National Instrument USB 6211 module at a frequency of 525 Hz. The Load 
cell and the rest of the pressure sensors from P2 to P8 are sampled at 1 Hz using National Instrument 6208, which 
is sufficient for state diagram representation. LabVIEW software is used to acquire data from the National 
Instrument modules, while the data analysis calculations are developed in MATLAB software. 
 
A 2D grid of operating parameters is considered, including solids mass flow rate and air mass flow rate, to study 
gas-solid flow patterns behaviour of plastic pellets and their effect on pressure signal and bottom arc-shaped 
electrostatic signal. Cubical shape plastic pellets with a total batch mass of 800 kg are used, having a mean diameter 
of 3.6 mm, particle density of 910 kg/m3 and bulk density of 560 kg/m3. The air mass flow rate injected into the 
blow tank was kept constant throughout the transport process, and the screw feeder speed was set to five different 
incremental values. The solids mass flow rate is calculated using a linear regression fit of the measured solid mass 
time-series signal in the fully developed flow region. The average pressure values from pressure sensors P1 to P8 
are used to calculate the average pressure drop through a single regression fit across the eight sensors. 
 

 
 

Figure 2 A schematic diagram of the horizontal pipeline downstream of the third bend showing 8 pressure 
sensors location from P1 to P8 and the top and bottom arc-shapes electrostatic sensors assembly. 

 
The initial experimental test point at constant screw feeder speed was conducted at a high supplementary air mass 
flow rate (0.4 kg/s) at the inlet of the transport pipeline to transport plastic pellets through dilute phase flow 
operation. Then the following test points were measured at the same screw feeder speed, and the supplementary 
air mass flow rate was progressively decreased by 0.02 kg/s using the nozzle bank until a single slug flow or settled 
layer appeared in the transparent pipeline. According to plug flow type capable materials, unstable flow in the 
form of slugs exists at an air velocity below the MCAV [1]. Therefore, further experiments are conducted at a 
constant solids mass flow rate and progressively decreasing the air mass flow rate for each test to ensure that the 
transition flow spectrum between dilute and dense phase flow is captured using the installed sensors to identify 
the MCAV. 
 
 
3. ANALYSIS METHOD 
 
 



3.1 Phase Space 
 
Time-delay coordinate embedding is used to reinflate a state variable from time-series measurements into a vector 
of latent state variables under the assumption that the underlying dynamic is smooth with low-dimensional 
manifolds [4]. This method reconstructs a high dimensional phase space from a time-series signal that, if captured 
correctly, can have topological equivalence to the original system state space. Reconstructing a phase space using 
the time-delay coordinate embedding from measurements requires two main parameters - time delay and 
embedding dimension. Consider a signal 𝑋𝑋(𝑡𝑡) = (𝑥𝑥(𝑡𝑡1) …  𝑥𝑥(𝑡𝑡𝑛𝑛)), where n is the number of points acquired at 
constant sampling periods. Equation 1 shows the phase space data is in the form of a vector 𝑌𝑌(𝑡𝑡) represented in 
the matrix form, where 𝑚𝑚 is the embedding dimension, 𝜏𝜏 is the time delay, and 𝑁𝑁 is the number of points in phase 
space (𝑁𝑁 = 𝑛𝑛 − (𝑚𝑚 − 1)𝜏𝜏). 
 

𝑌𝑌(𝑡𝑡) =

⎣
⎢
⎢
⎡
𝑥𝑥(𝑡𝑡1) 𝑥𝑥(𝑡𝑡1+𝜏𝜏) 𝑥𝑥(𝑡𝑡1+2𝜏𝜏) ⋯ 𝑥𝑥(𝑡𝑡1+(𝑚𝑚−1)𝜏𝜏)
𝑥𝑥(𝑡𝑡2) 𝑥𝑥(𝑡𝑡2+𝜏𝜏) 𝑥𝑥(𝑡𝑡2+2𝜏𝜏) ⋯ 𝑥𝑥(𝑡𝑡2+(𝑚𝑚−1)𝜏𝜏)
⋮ ⋮ ⋮ ⋱ ⋮

𝑥𝑥(𝑡𝑡𝑁𝑁) 𝑥𝑥(𝑡𝑡𝑁𝑁+𝜏𝜏) 𝑥𝑥(𝑡𝑡𝑁𝑁+2𝜏𝜏) ⋯ 𝑥𝑥(𝑡𝑡𝑁𝑁+(𝑚𝑚−1)𝜏𝜏)⎦
⎥
⎥
⎤
    (1) 

 
When the dynamic complexity in a time series signal is generated from a stochastic dynamical system, its 
reconstructed attractor will correspond to infinite-dimensional space with no meaningful information. The false 
nearest neighbour Algorithm (FNN) is a commonly used algorithm to estimate the embedding dimension of a 
signal, which is based on the idea that if not enough dimension is used to unfold the dynamics, there will be 
trajectory crossings in the dynamics [16]. These crossings are noise caused by high to low-dimensional space 
projection. This algorithm scans for trajectory crossings by distinguishing true neighbouring points from false ones 
for an attractor while increasing the embedding dimension. The recommended heuristic for FNN parameters is to 
select an embedding dimension that satisfies 10% of false neighbours, determined at a distance threshold 1. 
 
 
3.2 Largest Lyapunov Exponent 
 
The sensitivity of initial conditions is a natural phenomenon that describes chaotic behaviour, quantified using the 
Lyapunov exponent. Lyapunov exponent characterises the separation rate between two neighbouring trajectories 
in phase space. There are as many Lyapunov exponents across time as there are dimensions known as the Lyapunov 
spectrum, which correspond to each separation direction in phase space. If all the Lyapunov exponents of an 
attractor are negative, all trajectories are shrinking from all directions towards stable manifolds. If all Lyapunov 
exponents are positive, then trajectories diverge in unstable manifolds. To have an attractor means the sum of all 
Lyapunov exponents tends to approach zero and negative for dissipative systems. For a chaotic attractor, there is 
at least one positive Lyapunov exponent. However, this cannot indicate whether an attractor is chaotic, as there 
will be a combination of stable and unstable manifolds. Typically, the positive Lyapunov exponent in a set of 
initial conditions dominates growth in an attractor in the long run. 
 
In this study, only the largest Lyapunov exponents (LE) are used to measure chaotic behaviour in phase space. 
The algorithm for the LE is adopted from Rosenstein [17]. Lyapunov exponent 𝜆𝜆(𝑖𝑖) is a function of phase point 𝑖𝑖 
across the expansion step 𝑘𝑘, presented in Equation 2. The value of 𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚 and  𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚 are the minimum and maximum 
values of the expansion range. Where ‖𝑌𝑌𝑖𝑖 − 𝑌𝑌𝑠𝑠‖ is the distance between each phase point 𝑖𝑖 and its nearest neighbour 
𝑠𝑠 and  ‖𝑌𝑌𝑖𝑖+𝑘𝑘 − 𝑌𝑌𝑠𝑠+𝑘𝑘‖ is the change after an expansion step 𝑘𝑘. The nearest neighbour points in this algorithm satisfy 
the condition |i − s| > 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. The minimum separation is calculated using the ratio of the 
sampling frequency of the signal to its mean frequency, allowing enough space for initial conditions from 
neighbouring trajectories of interest to be considered. For each expansion step, one value of the Lyapunov 
exponent is calculated using the average of positive Lyapunov exponents for all the phase points, also called 
average log divergence (ALDiv). Across the expansion steps from 𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚 and  𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚, a single value for the Lyapunov 
exponent is calculated through linear regression fit across an expansion range of interest. A phase space with 
positive LE indicates that the dominant structure is chaotic, negative LE indicates dissipative nature, and zero LE 
represents periodic or fixed points. 
 

𝜆𝜆(𝑖𝑖) = 1
𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚−𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚+1

∑ 1
𝑘𝑘×𝑑𝑑𝑑𝑑

𝑙𝑙𝑙𝑙 ‖𝑌𝑌𝑖𝑖+𝑘𝑘−𝑌𝑌𝑠𝑠+𝑘𝑘‖
‖𝑌𝑌𝑖𝑖−𝑌𝑌𝑠𝑠‖

𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚
𝑘𝑘=𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚

       (2) 
 

 
 



4. RESULTS AND DISCUSSIONS 
 
 
4.1 Flow Pattern Map and State Diagram 
 
The flow pattern map illustrates the formation of gas-solid flow patterns at different operating conditions. It is a 
scatter of operating points, including solids mass flow rate and air mass flow rate, classified into regions identified 
based on the flow pattern observed in a transparent pipeline. Tsuji studied the wall pressure fluctuation of 
horizontal gas-solid flows of plastic pellets with a mean diameter of 2.3 mm and observed its flow patterns close 
to the PMC, describing them as sliding dense clusters [19]. Cabrejos provided more generalised descriptions of 
horizontal gas-solid flow patterns and their relations to the operating conditions using three materials with different 
material properties [6]. The flow patterns identified for plastic pellets with a mean diameter of 3 mm are 
homogenous flow, stratified flow, pulsating flow, moving dunes and blowing dunes. Figure 3 shows the flow 
pattern map for horizontal pneumatic conveying of plastic pellets with a mean diameter of 3 mm classified into 
three patterns: stratified/pulsating flow, moving dunes and blowing dunes. The regions of these flow patterns vary 
across different gas and solids mass flow rates. Beyond the left boundary, slug flow (region D) and settled layer 
(region E) are present in the upper and lower regions. 
 

 
 

Figure 3 The flow pattern map for horizontal pneumatic conveying of plastic pellets 
 
 
At a high air mass flow rate of 0.4 kg/s and low solids mass flow rate of 2.48 kg/s (lower boundary of region A), 
plastic pellets are in suspension mode, where particles are distributed across the pipeline cross-section with high 
solids concentration at the lower section of the pipeline, namely stratified flow. At the same air mass flow rate but 
higher solids mass flow rate of 3.6 kg/s (lower to the upper boundary in region A), plastic pellets are in an intense 
kinetic and frictional collision as they accumulate and form discontinuous clouds at the bottom of the pipeline, 
known as pulsating flow. As the air mass flow rate reduces (transition from region A to B) at a particular point, 
which is 0.28 kg/s in this case, self-organised critical states appear as moving dunes surrounded by dilute phase 
sliding on the bottom of the pipe. Moving dunes are featured by continuous erosion at the up-wind side (luff) and 
deposition at the down-wind side (lee). With further reduction in air mass flow rate, solid particles in dilute phase 
flow start to drop out of suspension, and multiple moving dunes slow down and merge, forming blowing dunes. 
At the left boundary of blowing dunes, dunes start to settle down, and the transportation mechanism starts to be 
dominated by saltation and surface creep. Beyond this boundary, plug flow (region (E)) and settled layer (region 
(D)) at the upper and lower regions are present. 
 



 
 

Figure 4 State diagram of plastic pellets with classified flow patterns regions 
 
 
Coarse solid particles like plastic pellets with a mean diameter greater than 1 mm are expected to be conveyed at 
the MCAV without blockages [18]. Figure 4 shows a state diagram developed using the data gathered from the 
horizontal pneumatic conveying of the plastic pellets with a mean diameter of 3.6 mm. The operating points 
considered in developing the state diagram are the same as in the flow-pattern map presented in Figure 3. Each 
solid flow rate value is included for each point through a colour spectrum referring to the colour bar of values, and 
the flow patterns are classified into regions. The superficial air velocity is calculated based on the mean pressure 
and pipe diameter using the ideal gas law at ambient temperature and plotted as a function of the pressure drop per 
unit length of pipe. Correlating the superficial air velocity and pipeline pressure drop with gas-solid flow patterns 
show how specific flow patterns influence the pressure drop. The superficial air velocity in stratified, pulsating 
and moving dunes directly relates to the pressure drop. While the superficial air velocity of blowing dunes has an 
indirect relationship with the pressure drop, indicating that the PMC is between moving dunes and blowing dunes. 
 
 
4.2 Chaotic Analysis of Electrostatic Sensor Data 
 
The Lyapunov exponent analysis is applied to a moving time window of the bottom arc-shaped electrostatic sensor 
data to monitor the change in the chaotic behaviour of the flow at different operating conditions. The parameters 
required to calculate the largest Lyapunov exponent (LE) as a time series are moving window size and step, 
embedding dimension and time delay to reconstruct phase spaces and maximum expansion step (KMax) to compute 
slopes of the average log divergence (ALDiv).  
 
The moving window size is set to 5s of data (2625 data points) and the window step to 2.5s (1312 data points). 
The phase spaces are reconstructed using a time delay of 1, and the embedding dimension is estimated using FNN. 
The embedding dimensions are estimated for the electrostatic sensor data acquired at the operating points in Figure 
3, which vary between 9 and 13. The choice of dimension used to reconstruct the moving phase spaces window is 
10. Calculating a single LE requires linear regression across an expansion range k in the ALDiv function.  
 
Figure 5(a) presents ALDiv as a function of an incremental expansion time step (k) for a 5s phase space window. 
The initial trends of ALDiv are a linear increase reflecting chaotic behaviour (positive LE). The trend then shifts 
to a relatively constant value at k = 10. This shift consistently occurs at k = 10 across the 30s of electrostatic sensor 
data at the operating points in Figure 3.  The KMax used to estimate LE for the moving window is 10 steps across 
all operating conditions. Figure 5(b) shows LE time-series signals developed from electrostatic sensor data 
acquired at three different air velocities higher, at and below the MCAV 33, 20 and 10 m/s, indicating an increase 
in LE value as the flow transition from stratified flow to blowing dunes.  
 



 
 

Figure 5 (a) An average log divergence vs expansion step and (b) LE time-series for bottom arc-shaped 
electrostatic sensor signals acquired at air velocities of 33, 20 and 10 m/s and solid mass flow rate of 3, 3.5 and 

3.1 kg/s representing the stratified flow, moving dunes and blowing dunes respectively 
 
 
Figure 6 shows the profile of the average LE over 30s data (15750 data points) across the operating points in the 
state diagram. The LE values have low correlations with the solids mass flow rates and high correlations with the 
air mass flow rates, making it a good observable candidate near the PMC even if the solids mass flow rate is 
unknown throughout the transport process. At constant solids mass flow rates and higher air velocities than the 
MCAV, the LE values have an inverse relationship with the air velocity and pressure drop. The relationship 
between the LE and pressure drop values changes to a direct relationship at air velocities below the MCAV, where 
the highest LE values are localised at the blowing dunes flow pattern left boundary. 
 
In the stratified/pulsating flow region, the LE of electrostatic signals have relatively similar values, ranging 
between 87 to 99, indicating that the concentration of individual charged particles at the bottom of the pipeline in 
the stratified and pulsating flow have similar chaotic behaviour. However, a smooth transition in the LE values is 
present between the boundary separating stratified/pulsating flow from moving dunes to the left boundary of the 
blowing dunes region. This transition describes the increased chaotic behaviour of charged particles around dunes, 
where the dynamics of the electrostatic signal shift from the individual charged particles in suspension to creeping 
charged particles around dunes which increase in size with the decrease in air velocity.  

 

 
 

Figure 6 State diagram correlated with Lyapunov exponent of bottom arc-shaped electrostatic sensor signals  
 
 
5. CONCLUSIONS 
 
Chaos analysis is applied to bottom arc-shaped electrostatic signals in horizontal pneumatic conveying of plastic 
pellets to characterise the instability of gas-solid flow in the transition phase between dilute and dense phase 
conveying conditions. The optimal pneumatic transport operating conditions for minimum energy consumption is 

0 10 20 30 40 50 60

k

-1200

-1000

-800

-600

-400

-200

0

200
A

LD
iv

Stratified Flow
Moving Dunes
Blowing Dunes
K

Max

0 5 10 15 20 25 30

Time (s)

85

90

95

100

105

110

LE

Stratified Flow
Moving Dunes
Blowing Dunes

10 20 30 40

 Air Velocity (m/s)

100

150

200

250

300

350

400

450

 P
re

ss
ur

e 
dr

op
 (P

a/
m

)

Stratified & Pulsating Flow
Moving Dunes
Blowing Dunes

88

90

92

94

96

98

LE



at the PMC in a horizontal pneumatic conveying state diagram, located in the transition phase between dilute and 
dense phase conveying conditions. The state diagram of plastic pellets is developed using two operating 
parameters, air mass flow rate and solids mass flow rate, and correlated with the observed flow patterns, including 
stratified/pulsating flow, moving dunes, and blowing dunes. The PMC is found to be located between moving 
dunes and blowing dunes.  
 
The largest Lyapunov exponent (LE) is a statistical measure describing the degree of chaos in time-series data, 
used to characterise the instabilities of electrostatic sensor time-series data in the transition phase conveying 
conditions. LE time series is calculated for phase spaces reconstructed from a moving window of electrostatic 
sensor data. The parameters used to calculate LE are set to constant values to have smooth values across time and 
be able to compare them at different pneumatic transport operating parameters. It is found that the LE time series 
values increase as the air velocity decrease for approximately constant solids mass flow rates ranging from 3 to 
3.5 kg/s.  
 
The average value of LE time-series across the 30s of electrostatic sensor data is correlated with the air velocity, 
pressure drop and observed flow patterns at various solids mass flow rates ranging from 2.2 to 4.2 kg/s. At constant 
air velocity, low correlation is found between LE and both solids mass flow rates and pressure drop. However, at 
constant solids mass flow rate and air velocity higher than the MCAV, the LE values have an inverse relationship 
with the air velocity and pressure drop. Below the MCAV, the LE values have an inverse relationship with the air 
velocity, which has a direct relationship with pressure drop.  
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7. NOMENCLATURE 
 
MCAV  Minimum conveying air velocity, m/s 
PMC   Pressure drop minimum curve, Pa/m 
P1 to P8  Pressure sensor tapings 
t   Time, s 
x(t)   Data point value at specific t 
X(t)   Time series data 
τ   Time delay 
m   Embedding dimension 
n   Number of data points  
N   Number of phase points 
Y(t)   Phase space (Time series vector) 
i   Phase point index 
s   Nearest neighbour phase point index 
k   Expansion step 
kMin   Minimum expansion step 
kMax   Maximum expansion step 
dt   Time difference between acquired data points 
λ(i)    Lyapunov exponent 
ALDiv   Average log divergence (mean of positive Lyapunov exponent across all dimensions) 
LE  Largest Lyapunov exponent 
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