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ABSTRACT The recurring dynamics of fully developed gas-solid flow patterns are characterised using recurrence 
quantification analysis of bottom arch-shaped electrostatic sensor data in horizontal pneumatic conveying of 
plastic pellets. The recurrence quantification analysis is applied to recurrence plots developed from phase spaces 
(attractors) reconstructed from the bottom arc-shaped electrostatic sensor signals using a statistical measure, the 
approximate entropy (AE). The AE measure is the probability of the unpredictability between past and future 
dynamics in a phase space used to select a specific range of recurring dynamics in the recurrence plot to 
characterise different flow patterns: stratified flow, pulsating flow, moving dunes and blowing dunes. The flow 
patterns were identified using high-speed video imaging of a transparent 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 
energy consumption conveying operation in the state diagram are between moving dunes and blowing dunes. 
Through visual observation, recurrence plots of the identified flow patterns showed different qualitative structures. 
The qualitative structure of recurrence plots is quantified using a recurrence quantification analysis measure, the 
recurrence rate (RR). The AE and RR measures are correlated with the state diagram, indicating that the complexity 
of electrostatic sensor signals can classify the flow patterns at different operating conditions. 
 
 
1. INTRODUCTION 
 
There are three main modes of operation in horizontal pneumatic conveying of particulate materials, dilute phase, 
transition phase and dense phase. Choosing between these phases during conveying can be challenging depending 
on the material properties, conveying route structure and distance, and pressure availability in the pipelines. Dilute 
phase flow operation is considered when a simple pneumatic conveying system design is required to achieve a 
stable and reliable operation [1]. Dilute phase flow operates at a high air velocity in large volumes and low solids 
concentrations, where discrete solid particles are uniformly suspended via drag and lift forces caused by turbulent 
air stream [2]. In practice, pneumatically conveying solids at high air velocity often result in high energy 
consumption, material degradation and pipeline wear [3]. Dense phase flow operation is characterised by a high 
concentration of particles and low air velocity, resulting in improved product quality and reduced pipeline sizing 
and wear rate [4]. However, the dense phase flow operation requires more pressure availability resulting in a high 
initial cost of equipment to withstand high-pressure operations. Particulate materials with dense phase operation 
capability, such as coarse plastic pellets with a mean diameter higher than 1 mm [20], operating in the transition 
phase between the dilute and dense phase, will reduce energy consumption and pipeline wear and improve product 
quality.  
 
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 a 
distribution of operating condition points, including air and solids mass flow rates, classified according to the 
observed flow patterns in a transparent pipeline [5], [6]. 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 [5], [7]. 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 conveying condition, 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 recurring dynamics in an attractor can be visually observed in the recurrence plot (RP) initially introduced by 
Eckmann et al. [8], and its morphology is quantified using the recurrence quantification analysis [9], such as the 
recurrence rate, determinism and laminarity. The recurrence quantification analysis quantifies structural 
complexity using numbers and durations of recurring dynamics in a recurrence plot (RP). The RP represents the 



dynamic topology of an attractor, developed as a visualisation tool that projects recurring dynamics from high 
dimensional phase space into a 2D black and white (binary values) plot [10]. It reflects the process of having 
trajectory points in phase space arbitrarily visiting each other at different times. RPs can reveal valuable qualitative 
information about the dynamic structure of attractors. Inspecting the recurrent points structure in RPs to detect 
slight variations in the dynamics is challenging, especially when there are multiscale recurrent structures. 
Moreover, The complex dynamics of gas-solid flow in fluidised bed systems have been extensively studied using 
RQA measures such as recurrence rate (RR) [11]–[13] to monitor and identify operating conditions where the 
transition between different flow patterns occurs. However, RQA has not been applied to gas-solid flow patterns 
in horizontal pneumatic conveying systems to quantify its complex dynamics. 
 
This paper aims to develop the AE and RR measures from electrostatic sensor signals to characterise the 
unpredictability and recurring dynamics of gas-solid flow patterns behaviour in a horizontal pipeline system. The 
AE and RR measures are correlated with the identified flow patterns at different operating points in the state 
diagram. The parameters used in developing the phase space and recurrence plot are estimated using a heuristic 
procedure or set to a constant. The AE and RR measures are calculated from a moving window of time-series data 
with a fixed step, allowing the gas-solid flow patterns to be monitored and classified in real-time.  
 
 
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 setup 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 sensors is 
installed 4m after the fourth sensor with an equidistance of 2m. Kumar et al. [14] 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 module, 
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 eight 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 [5]. 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 
 
Through time-delay coordinate embedding, one can 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 [15]. This method reconstructs a phase space from a time-series signal that exhibits topological 
equivalence to the original system state space. Reconstructing a phase space using the time-delay coordinate 
embedding method 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 of 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. 
 
 
3.2 Approximate Entropy 
 
Approximate entropy (AE) reflects the logarithmic probability of the degree of unpredictability of future 
information based on previous similar information. The AE has a self-counting feature that compares the closeness 
of trajectory points in an attractor with other older points of itself. Zero AE corresponds to constant or cyclic 
behaviour, represented in phase space by a fixed point or periodic attractor. Pincus developed the approximate 
entropy measure, a modification of Kolmogrov-sini entropy, featured by its low computational cost and capability 
to deal with noisy data [17]. AE is calculated by subtracting two statistical functions; Φ𝑚𝑚 from Φ𝑚𝑚+1, as shown 
in Equations 6 and 7, computed using a phase space reconstructed with the selected dimension 𝑚𝑚 and at a higher 
dimension 𝑚𝑚 + 1.  
 

AE = Φ𝑚𝑚 −Φ𝑚𝑚+1          (2) 
 

Φ𝑚𝑚 = 1
𝑁𝑁
∑ 𝑙𝑙𝑙𝑙𝑙𝑙�∑ Θ�𝑟𝑟 − �𝑌𝑌𝑖𝑖 − 𝑌𝑌𝑗𝑗��𝑁𝑁

𝑗𝑗=1,𝑗𝑗≠𝑖𝑖 �𝑁𝑁
𝑖𝑖=1        (3) 

 
 
3.3 Recurrence Plot and Recurrence rate 
 
The RP is represented in a square matrix (𝑅𝑅𝑅𝑅𝑖𝑖 ,𝑗𝑗) relating pairs of times at which phase points meet in a fixed 
hypersphere with radius r. The subscripts 𝑖𝑖 and 𝑗𝑗 are the indexes of the matrix for each pair of phase points. The 
distribution of recurrent points in an RP heavily depends on the selected threshold r. However, the r threshold 
selection is less critical for comparative studies of dynamical transitions, as differences between RP would not 
change within a specific distance range. 
 

𝑅𝑅𝑅𝑅𝑖𝑖 ,𝑗𝑗 = Θ�𝑟𝑟 − �𝑌𝑌𝑖𝑖 − 𝑌𝑌𝑗𝑗��         (4) 
 
The RR measure is the ratio of recurrent points to the total number of points, as shown in Equation 9.  
 

𝑅𝑅𝑅𝑅 = 1
𝑁𝑁2
∑ ∑ 𝑅𝑅𝑅𝑅𝑖𝑖,𝑗𝑗𝑁𝑁

𝑗𝑗=1
𝑁𝑁
𝑖𝑖=1          (5) 



 
 
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 [18]. 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 [19]. 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 pattern 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 [20]. 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 Analysis Parameters Settings 
 
The approximate entropy (AE) and recurrence rate (RR) measures are calculated to a moving time window of 
phase spaces and recurrence plots, developed from the bottom arc-shaped electrostatic sensor data to monitor the 
flow at different operating conditions. The parameters required to reconstruct a moving phase space window are 
moving time window size and step, embedding dimension and time delay. The AE measure is calculated from the 
reconstructed phase spaces using a threshold radius (rAE Max), while the RR measure is calculated from recurrence 
plots developed from the reconstructed phase spaces using a threshold radius (rRP). 
 
The moving window size is set to 5s of data and the window step to 1s. 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 1, which vary between 9 and 13. The 
choice of dimension used to reconstruct the moving phase spaces window at all operating conditions is set to a 
constant of 10. The threshold rRP is selected based on the approximate entropy (AE) distribution of the phase spaces 
across different thresholds r. 
 
AE is the probability that future similar trajectories, including stochastic and deterministic, do not follow past 
similar trajectories. The chance that trajectory points in an attractor have other points than itself falling within a 
hypersphere with a small r is zero or very low. As r increases, more trajectory points are included in determining 
the probability between future and past similar dynamics. A typical distribution of AE across r is an increase in 
the unpredictability of information up to a specific r, forming the most significant difference between past and 
future information, as shown in Figure 3. The distribution of AE beyond this particular r gradually decreases to 
zero as the relation between future information becomes regular to the past information, and r approaches the 
maximum value between the points. It is recommended to select r within the range of 0.1 to 0.2 times the standard 
deviation of the signal. Sometimes the standard deviation approach may lead to an incorrect assessment of the 
signal complexity [21]. A more appropriate approach is to select the maximum value of AE (AEmax) across r or an 



AE at a slightly higher r than the r at AEmax (rAEmax) to avoid misleading comparative results [22]. The AE values 
shown in Figure 3 are calculated at 50 equidistant r across the phase spaces reconstructed from electrostatic signals 
to identify rAEmax and select AEmax. 
 

 
 

Figure 5 An approximate entropy vs radius of bottom arc-shaped electrostatic sensor signals acquired at air 
velocities 33.5, 20 and 16 m/s and ms = 2.6, 2.2 and 2.5 kg/s representing the stratified flow, moving dunes and 

blowing dunes 
 
 
Extracting meaningful measures from RPs requires an appropriate threshold rRP, typically depending on the 
application type [23]. Initial rules of thumb choices for rRP are taken at 10% of the maximum diameter of phase 
space or 5% of the mean diameter [9] or a threshold r at a 1% recurrence rate [24]. Using the recurrent diagonal 
structures parallel to the LOI in RPs was appropriate for optimal threshold selection for quasiperiodic systems 
[25]. Later Gao and Jin [26] presented a criterion for selecting the optimum threshold using the first maximum 
value of the derivative of the recurrence rate with respect to the r (dRR/dr). However, the r at the first maximum 
value of dRR/dr can be impractical when there are multiple maxima across r, clearly observed in quasiperiodic 
systems [27]. Instead of looking at the dRR/dr to select the threshold rRP, AE is used to have more consistent RR 
measures. The rRP threshold is selected at a decreasing AE across r to ensure that the RPs will have a high 
probability of predictable dynamics, specifically at the centre between rAEmax and zero AE, shown in Figure 3. 
 
Figures 4 (a) and (b) show the AE and RR time-series signals developed from the bottom arc-shaped electrostatic 
sensor data using the parameter setting mentioned above for different flow patterns, indicating that the AE signal 
for moving dunes has the lowest values, while its RR signal has the highest values. 
 

 
 

Figure 6 (a) AE signals and (b) RR  signals developed from 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 
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4.3 Approximate Entropy of Electrostatic Sensor Signals 
 
Figure 5 shows the profile of the average AE signals over the 30s of electrostatic sensor data across the operating 
points in the state diagram, expressing the relationship between the unpredictability of electrostatic sensor signals 
and classified flow patterns. The profile of AE in the stratified and pulsating flow have relatively similar values, 
ranging between 0.26 and 0.33, indicating that the concentration of individual charged particles at the bottom of 
the pipeline in the stratified and pulsating flow have similarity in their unpredictability. The AE decreases below 
0.26 in the moving dunes region, having the lowest values, ranging between 0.17 and 0.26, at the MCAV, which 
is at the transition between moving dunes and blowing dunes. Before the flow transition to slug flow and stratified 
layer from the blowing dunes region, the AE increases rapidly to 0.3, reflecting a sudden change in the 
unpredictability of the flow.  
 

 
 

Figure 7 State diagram correlated with approximate entropy of bottom arc-shaped electrostatic sensor signals 
 
 
4.4 Recurrence Plot of Electrostatic Sensor Signals 
 
Figure 6 shows the 2s of bottom arc-shaped electrostatic sensor signals and their recurrence plots (RPs) for three 
flow patterns, stratified flow, the moving dunes and near the blowing dunes transition to the settled layer. The 
solids concentrations of charged particles and their arrangement across the pipeline bottom cross-section for each 
flow pattern have different effects on the voltage signal from the bottom arc-shaped electrostatic sensor. These 
voltage signals are directly related to the charging capacity of particles and their location in the local sensitivity 
region of the sensor. The evolution of electrostatic signals from the stratified flow to blowing dunes shows an 
increase in the short-term peaks, represented in the recurrence plots as vertical white bands, which can be directly 
related to the sudden increase in electrostatic activity of dunes having high solid concentrations. 
 



 
 

Figure 8 Bottom arc-shaped electrostatic signals and their recurrence plots for (a) stratified flow, (b) moving 
dunes and (c) blowing dunes transitioning to settling layer at air velocities 33.5, 20 and 16 m/s and ms = 2.6, 2.2 

and 2.5 kg/s. 
 
 
4.5 Recurrence Quantification Analysis Measures 
 
Figure 7 shows the profile of the average RR signals over the 30s of electrostatic sensor data across the operating 
points in the state diagram. The RR values have a smooth increase as the flow transitions from stratified flow at 
low ms of 2.2 kg/s to pulsating flow at high ms of 4.3 kg/s. However, the RR values at ms of 4.3 kg/s cannot detect 
changes between pulsating flow and moving dunes. The transition between moving dunes and blowing dunes 
corresponds to the highest RR values, indicating that the electrostatic dynamics of dunes are very similar to each 
other at the MCAV. The RR values at the left boundary of blowing dunes suddenly drop just before slugs develop 
at a high solid mass flow rate or form a settled layer at low solids mass flow rate.  
 

 
 

Figure 9 State diagrams for plastic pellets correlated with the RR of bottom arc-shaped electrostatic sensor 
signal 
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5. CONCLUSIONS 
 
The approximate entropy (AE) and recurrence rate (RR) measures developed from bottom arc-shaped electrostatic 
signals in horizontal pneumatic conveying of plastic pellets have been successfully developed to characterise flow 
patterns in the transition phase between dilute and dense phase flow operations. A state diagram of plastic pellets 
is developed using different operating parameters, air mass flow rate and solids mass flow rate, correlated with the 
observed flow patterns, including stratified/pulsating flow, moving dunes, and blowing dunes. It is found that 
optimal conditions at minimum energy consumption operation are located between moving dunes and blowing 
dunes. 
 
The AE is applied to describe the probability of unpredictable dynamics in electrostatic sensor signals and to 
estimate a radius threshold parameter for developing recurrence plots. The RR is then calculated from the 
developed recurrence plot to characterise recurring dynamics in the signals. The RPs at low solids mass flow rates 
ranging from 2 to 3.3 kg/s and decreasing air velocity reveal various local white areas (LWA) and local bolt areas 
(LBA), providing qualitative information on the effect of observed flow patterns on the electrostatic signals 
fluctuations. The LBA in RPs of electrostatic signals increases from stratified flow to moving dunes and decreases 
from moving dunes to blowing dunes transitioning to settled layer, indicating that the similarity in the dynamics 
of charged particles in moving dunes are high in comparison to individual charged particles in stratified flow and 
settling blowing dunes. 
 
The average values of AE and RR time-series across the 30s of electrostatic sensor data at different operating 
parameters are 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. The AE time series showed that the transition between moving dunes and 
blowing dunes has lower AE values than stratified/pulsating flow, while RR have the highest values. 
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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) 
Φ   Statistical function 
𝑅𝑅𝑅𝑅   Recurrence plot Matrix 
𝑟𝑟   Radius of a hypersphere 
𝑅𝑅𝑅𝑅   Recurrence rate 
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