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Abstract: This study investigates pneumatic conveying of four different biomass materials, namely
cottonseeds, wood pellets, wood chips, and wheat straw. The performance of a previously proposed
model for predicting pressure drop is evaluated using biomass materials. Results indicate that the
model can predict pressure with an error range of 30 percent. To minimize the number of trial
tests required, an optimization algorithm is proposed. The findings show that with a combination
of three trial tests, there is a 60 percent probability of selecting the right subset for accurately
predicting pressure drop for the entire range of tests. Further investigation of different training
subsets suggests that increasing the number of tests from 3 to 7 can improve the probability from 60%
to 90%. Moreover, thorough analysis of all three-element subsets in the entire series of tests reveals
that when considering air mass flow rate as the input, having air mass flow rates that are not only
closer in value but also lower increases the likelihood of selecting the correct subset for predicting
pressure drop across the entire range. This advancement can help industries to design and optimize
pneumatic conveying systems more effectively, leading to significant energy savings and improved
operational performance.
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1. Introduction

The conveying of bulk solids through pipelines utilizing a gaseous medium, predom-
inantly air, is referred to as pneumatic conveying, which is widely employed in diverse
industrial settings such as the food, chemical, and pharmaceutical sectors. Historically,
the examination of pneumatic conveying has been grounded in the distinction between
dilute and dense phase flow. The former encompasses low solid concentrations and high
velocities, while the latter pertains to high solid concentrations and low velocities [1].
Given the capacity, dense phase flows are favored due to their heightened efficiency and
gentle treatment of materials relative to dilute flows [2]. Nevertheless, the extensive im-
plementation of dense phase conveying is restricted by the intricacies of articulating the
discontinuous, wave-like nature of flowing plugs, leading to an empirical dense phase
design that frequently necessitates expensive conveying trials for dependable operation [2].

In the engineering of a pneumatic conveying system, it is imperative to recognize the
diverse flow behaviors of substances as they traverse the pipelines. After identifying the
flow modes, predicting the potential regime becomes essential for ensuring the efficacy of
the conveying system design. Both users and producers of pneumatic conveying systems
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prioritize forecasting material behavior without resorting to full-scale conveying trials, thus
underscoring the significance of precise prediction methods.

In this regard, fluidization tests serve as a prevalent instrument for examining the flow
behavior in pneumatic conveying applications. By introducing air through a porous base,
investigators can observe the material’s behavior, encompassing aeration, de-aeration, and
permeability properties. The gathered data is utilized to devise models that anticipate the
flow attributes of bulk solids under varying conditions, thereby optimizing the design and
operation of equipment and processes across multiple industries [3].

In the groundbreaking study carried out by Geldart, a categorization method for
particles was suggested, centering on their fluidization characteristics and considering
particular particle properties like density and diameter [4]. Nevertheless, Geldart’s fluidiza-
tion categorization has been critiqued for insufficiently identifying dense phase transport
potential in pneumatic conveying contexts [5]. As a result, Dixon introduced a classification
system based on differences in density and average particle dimensions [6]. Scholars have
emphasized bulk density in determining the boundaries between particle behaviors [7,8].
Moreover, other methods consider investigating air-particle interactions by utilizing per-
meability and deaeration factors derived from bench-scale experiments [9,10]. Sanchez
contended that the approaches of Dixon and Geldart were more appropriate compared to
dimensionless values [11]. Factoring in air velocity facilitates transportation across diverse
flows [8,12]. Advancing in this area, Rabinovich and Kalman presented a flow regime chart
that incorporated material characteristics and operational conditions [13], which was later
expanded for horizontal flow by Kalman and Rawat [14].

The identification and prediction of flow modes are of considerable importance in
designing a dependable pneumatic conveying system. However, the accurate prediction
of pressure drop serves as a critical element in achieving a reliable system. Pressure
drop is a vital parameter in the design of pneumatic conveying systems, as it dictates the
power consumption required for air compression and the overall efficiency of the system.
Primarily, pressure drop in a pneumatic conveying system is caused by frictional losses due
to the interaction between solid particles and the conveying gas. An increase in gas velocity,
solid particle concentration, and conveying distance results in an increased pressure drop.
To precisely predict the pressure drop, various models have been proposed, including
empirical correlations, semi-empirical models, and numerical simulations.

In early studies, several researchers suggested a piston-like model to characterize the
behavior of dense phase flow in pipes [15-21]. These models propose that the dense material
forms a solid piston moving through the pipe, with the pressure drop determined by a
force balance on the piston. Utilizing this model, researchers have devised various pressure
drop models to predict the material’s behavior in the pipe. Sanchez [22] performed a
comparative analysis of such pressure drop models and concluded that the Mi and Wypych
model [21] was the most accurate in predicting pressure drop based on experimental data.
Later, Pan and Wypych [23] further refined Mi’s model by incorporating experimental
parameters to account for bulk solid materials of diverse shapes.

Subsequent advancements in determining pressure drop in pneumatic conveying
systems have considered the fluctuations and complexities of dense phase flow. In these
models, pressure drop is generally described as the combined effect of gas and solids [24],
which can be expressed as:

AP = APy + APs (1)

The term Py is calculated as it would be for single-phase gas flow, while the term P; is
associated with particle transport.

The determination of pressure drop caused by solid particles in pneumatic conveying
systems, particularly in dense phase flow, has always been a challenging task. To design
more reliable systems, several studies have been conducted to better understand the
underlying physics and apply engineering simplifications.

The comprehension of dense phase flow and its characteristics has remained elusive
due to the inherent complexities arising from its intrinsic dynamic nature. These com-
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plexities can be exacerbated in slug flow, where wave-like movements and the continuous
exchange of particles occur during the conveying process. While the microscopic aspects
of slug flow continue to be ambiguous, macroscopic approaches have been developed to
address these challenges [25,26].

One such approach involves focusing on the total pressure drop of the system [2],
as derived from the existing literature [1], which has demonstrated that the pressure drop
associated with air pockets is negligible. By prioritizing the total pressure drop, researchers
can effectively disregard the microscopic alterations within the system, concentrating
instead on the overarching changes that predominantly influence the system’s behavior.
Based on these findings, it is possible to consider the entire system as a theoretical single
slug [21,23,27-29].

However, the models discussed thus far are limited in their scope, as they only consider
specific modes of flow and develop pressure drop equations for those modes. They do not
account for the full range of flow modes, from dense phase to dilute phase, which can vary
significantly in terms of particle concentration and pressure drop characteristics. Therefore,
the development of comprehensive models that can predict pressure drop across a wide
range of flow conditions is necessary. The Zenz diagram [30] is a common way to capture
the full range of modes of flow in conveying trials by plotting the system pressure drop
against a parameter reflecting the gas feed into the system.

One of the earliest attempts to predict the entire Zenz curve was carried out by
Barth [31], which is a development to Darcy’s equation [32], where the pressure drop of
the single phase of gas is predicted. This equation is given by:

AP = (/\f+m*/\s)%p2i2 b))

Here, A represents the gas friction factor, L represents the pipe length in meters, D
represents the pipe diameter in meters, p represents the density of air, and v represents the
air velocity. Additionally, As represents the solids friction factor, while m* represents the
solids loading ratio.

While the gas friction factor can be calculated relatively easily using established formu-
las, determining the solids friction factor is a challenging task due to limited understanding
of the underlying mechanisms involved in the flow of powdered materials. The solids
friction factor term represents a combination of energy losses resulting from interactions
between solid particles, solids and gas, and solids and pipe walls [1].

Numerous researchers have investigated the solids friction factor as a means of predict-
ing pressure drop caused by the presence of solids using the model described above [33-37].
The turbulent and intricate nature of the moving slugs and high solids to gas mass ratio
presents a challenge in linking particle and bulk properties, as well as interactions with
the actual operating conditions and design parameters. As a result, there has been limited
progress in fundamentally understanding the flow mechanisms and modeling of the solids
friction factor.

Building on the discussion of predicting modes of flow and pressure drop in the
context of pneumatic conveying, it is important to consider its functionality to biomass.
With the increasing global demand for sustainable energy sources, biomass usage has
experienced significant growth. Consequently, the need for efficient biomass handling and
conveying systems has also escalated [12,38,39]. Conventional methods for determining
flow modes are not entirely appropriate for biomass materials due to their unique prop-
erties, including irregular particle shape and broad particle size distribution. As a result,
much remains to be explored regarding biomass material flow modes in the context of
pneumatic conveying [38,39].

A significant portion of biomass pneumatic conveying research has focused on di-
lute phase conveying, characterized by low solid concentrations and dispersed particles.
In this phase, the complexities of dense phase flow, as mentioned earlier, are generally
minimized, making it well-suited for biomass [40]. Various studies have examined dilute
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phase conveying of biomass, including Barbosa et al.’s work on cork stopper transport [41]
and Gomes et al.’s investigation into biomass feeding [42]. Gomes et al. discovered that
biomass with lower bulk density exhibited higher feeding efficiencies at reduced material
heights in the silo due to the ease of breaking cohesive arches. Conversely, higher den-
sity materials demonstrated enhanced efficiencies at greater heights. In a recent study,
Rajabnia et al. [43] explored the flow modes of cottonseed conveying and aimed to identify
the conditions that lead to Plug-1 formation [27]. The authors concluded that the feeding
method was crucial in determining plug formation, indicating a reliance on local particle
arrangements during fixed bed formation. Additionally, the research highlighted the im-
portance of the plug’s base or rear in maintaining its structure, as it acted as a piston to
propel the material bed forward.

Broadening the discussion, it becomes evident that a more comprehensive model
capable of predicting system behavior across various flow modes and particle characteristics
is necessary. In response to this need, we have recently developed a model that predicts
pressure drop for the entire Zenz diagram [44], which relies solely on trial tests. Building
upon this foundation, the present study aims to develop the previously proposed model
using a novel optimization approach, with the objective of minimizing the number of
required trial tests. In the subsequent subsection, a synopsis of the prior research, as well
as the aims and objectives of the current investigation, will be delineated.

1.1. Summary of Previous Study on Pressure Predictive Model and the Novelty of the
Current Study

The previous study [44] focused on the development of a phenomenological pressure
model, specifically aimed at predicting Zenz diagrams in the context of slug flow and
fluidized dense flow. The proposed model is founded on the principle of a summation
of two terms. One term takes into account the influence of solids, while the other term
considers the effect of gas mass flow rates only. This approach facilitates the prediction of
the entire Zenz diagram, even with limited conveying trials.

The theoretical foundation of the model is based on four primary assumptions [44],
which are as follows:

®  The pressure drop in a pneumatic conveyor comprises both a gas-only term and a
solids term, taking into account the flow rates of gas and solids.

*  The gas-only pressure drop is directly proportional to the square of the gas mass
flow rate.

*  The pressure drop attributed to the solids term is directly proportional to the solids
loading ratio [45].

¢ The pressure gradient across a slug or pipeline remains constant, whether in dense or
dilute phase conditions [46].

The study establishes that the model can be represented by Equation (3), where the
constants 4 and b are specific to a particular configuration and must be determined through
trial tests. )

_ 1
AP = aii® +b— 3)
My

To derive the values of the constants in the pressure model presented in Equation (3),

the equation can be rearranged to reveal a linear relationship between 2§ and %.

ritg G
AP i
—5 =a+ bﬁ; 4)
m[l mﬂ

After the constants have been ascertained for a particular test configuration, the
Equation (3) can be utilized to forecast the pressure across the entire Zenz diagram.

To validate the proposed model, two distinct datasets were utilized, encompassing
diverse scales: the horizontal 17 m long pipeline located at the university of Newcastle,
and the 52 m and 96 m loops of Mi [21].
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The determination of the constants is a crucial aspect of the proposed pressure model,
and our prior study [44] provides an in-depth discussion on the influence of the constants
on the predicted pressure. It was demonstrated that disregarding the term accounting for
the gas-only contribution results in an underestimation of the pressure. Additionally, the
study revealed that the effect of the constant b is more dominant due to the vast range and
domain of the data.

In light of the existing model, this research seeks to investigate the model’s adaptability
in predicting the behavior of various biomass materials, such as wood chips, wheat straw,
wood pellets, and cottonseed which vary considerably in particle and bulk properties.
The study’s objective is to refine the model through comprehensive data analysis and the
evaluation of various setup configurations, with the goal of determining the minimum
number of trial tests necessary for precise predictions.

The choice of biomass materials is motivated by their distinctive properties, including
irregular and heterogeneous particle shapes, as well as diverse particle size distributions.
In the context of the growing global demand for sustainable energy sources, biomass
materials have become increasingly important. This surge in demand has led to a pressing
need for efficient biomass handling and conveying systems. Therefore, expanding our
understanding of biomass flow behaviors and developing suitable models are essential for
designing effective and reliable biomass pneumatic conveying systems [47].

To achieve the research objectives, the first part of the study involves conveying
biomass material in two distinct setups: single batch and continuous conveying. The model
is then applied to examine its precision in predicting pressure drop within these systems
when using different biomass materials.

Moreover, the study seeks to clarify the model’s ability to determine the optimal
number of trial tests required to obtain consistent results. To accomplish this, a search
algorithm is employed that iteratively selects various subsets of different combinations and
assesses their efficacy in predicting pressure. This process involves dividing the dataset
into training and validation sets, defining performance metrics (R-squared and RMSE), and
implementing a search strategy based on a combination approach. Model evaluation, and
if necessary, model selection, are conducted to identify the most suitable empirical model
and the most effective test subset.

This study endeavors to augment the comprehension of the selection process for effi-
cacious tests and to improve the empirical model by integrating the proposed algorithmic
procedures. The ultimate objective of this endeavor is to enhance the performance of the
model, and to facilitate more precise and efficient prediction.

2. Material Properties and Experimental Set up and Procedure

This section presents the material properties, as well as the testing arrangements and
procedures employed in this study:.

The study incorporates two conveying setups, namely the single batch conveying and
the continuous conveying methods. The former involves the transport of biomass material
in a single batch, while the latter employs a rotary valve to facilitate uninterrupted convey-
ing. Detailed descriptions of both setups, as well as the corresponding test procedures, are
expounded in the ensuing sections.

2.1. Material Properties

This research utilized four discrete biomass materials, namely cottonseed, wood chips,
wood pellets, and wheat straw, specifically selected based on their distinct characteris-
tics that differentiate them from conventional granular materials. Figure 1 showcases
representative samples of the various materials utilized in this study.
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(c) Wood pellets
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Figure 1. A sample of cottonseeds, wheat straw, wood pellets and wood chips used in the study.

In order to determine the true bulk density of the four aforementioned biomass
materials, a fixed quantity was introduced into a vertical pipeline, and the resulting bed
length was measured. This process was conducted three times for each material, with
varying weights, and the average of these measurements was computed to obtain the bulk
density. Nonetheless, our ongoing research is primarily focused on evaluating the efficacy
of the proposed pressure model using biomass material, which is distinct from regular
granular material, along with considering the optimal number of trial tests. Therefore,
investigating the influence of detailed particle shape characteristics on the performance
of pneumatic conveying of these biomass materials falls outside the scope of this paper.
However, for better clarity on the particle size and shape used in this study, Table 1
represents a detailed description of the bulk density, particle shape, and dimensions.

Table 1. Material properties of selected biomass materials.

Wood Pellets Cottonseeds Wood Chips Wheat Straw
Particle shape Cylindrical Ellipsoid Rectangular Fibrous
Bulk density (kg/m?) 616 390 202 72
Particle width (mm) 6 3-5 8-22 1-5
Particle length (mm) 5-33 6-12 21-68 15-165
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Worth mentioning is the existence of extensive prior research concerning particle-
related factors of these four types of biomass materials, which provide beneficial insights
into their characteristics [48-51].

2.2. Single Batch Conveying Set up and Test Procedure

A part of this study employed a pneumatic conveying test rig that was specifically
developed for conducting single-batch conveying evaluations. This experimental setup
is characterized by its flexibility and is composed of a transparent PVC pipeline, which
is 101.6 mm (4 inches) in diameter and spans 12 m in length. This feature permits un-
obstructed visual observation of the material’s behavior throughout the transportation
process. As illustrated in Figure 2, in order to improve the efficiency of material feeding in
the system, we have introduced a mechanism within the first two meters of the pipeline.
This mechanism involves a rotatable 2-m segment of the pipeline through which the mate-
rial is loaded. The key feature of this mechanism is its ability to smoothly rotate the pipeline
segment from a horizontal position to a vertical position during the loading process. Once
the loading is complete, the segment is returned to its original horizontal position and
securely reconnected to the rest of the pipeline using Morris couplings.

The experimental setup comprises a range of additional essential components, in-
cluding Morris couplings, a plenum, a receiver, wireless sensors, and stands. To precisely
observe and document the pressure drop during the experimental trials, six pressure sen-
sors have been strategically installed along the pipeline, with the first sensor located at the
base of the initial pipe. Furthermore, two cameras have been placed at different distances in
front of the continuous pneumatic conveying rig, with the first camera intended to capture
the initial one-third segment of the test and the second camera intended to record the final
one-third section of the rig.

In the Figure 2, the shadow area illustrates the visual coverage of both cameras,
offering a clearer understanding of the captured area during the test. This visualization
enhances insight into the camera’s field of view.

Both experimental setups in this study were equipped with a compressor to guarantee
a sufficient air supply during the experiments. A digital airflow regulator controlled a set
of sonic nozzles to provide the system with the required airflow rate.

@ Camera 2 vision

a Camera 1 vision Material feeding

Morris couplings

—

Pressure sensor

10.000 mm

=]
Air supply

Figure 2. Schematic of the batch fed pneumatic conveying set up.

In the experimental setup, all four categories of biomass materials were conveyed using
a vertically-fed methodology. The primary conduit possessed the capability to rotate and
achieve a vertical alignment, subsequently connecting to the remaining pipeline through
Morris couplings upon reverting to a horizontal position. To maintain uniformity during
the examination phase, cottonseeds, wood pellets, and wood chips were systematically
introduced in 3 kg and 4 kg batches. As shown in Table 1, wheat straw’s substantially lower
bulk density, about nine times less than that of wood pellets, affects its conveyance. In our
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tests, instead of using 3 kg and 4 kg quantities, we created 1 m and 2 m long plugs of wheat
straw in the test section to examine its single batch transport properties.

During experiments involving wood chips, wood pellets, and cottonseeds, the ini-
tial superficial air velocity of the first nozzle was established at 9 m/s. Nevertheless,
considering the lower air demands for transporting wheat straw, the initial testing for
this substance began at 6.5 m/s. In later trials with the same substance, the velocity was
progressively decreased by 0.5 to 0.8 m/s. This procedure continued until either convey-
ing stopped within the pipe or the plug became unstable, preventing it from leaving the
pipeline. The experimental design and test results pertaining to single batch conveying
are presented in Table 2. The table comprehensively displays the test matrix and the
corresponding conditions of all tests conducted.

Table 2. Test matrix of single batch feeding tests for wheat straw, wood pellets, wood chips
and cottonseeds.

Wheat Straw Wood Pellets Wood Chips Cottonseeds
’%,lerlf:‘llt’;g:/‘;l 330g 660g 3000g 4000g 3000g 4000g 3000g 4000 g

2.56 X X X X
3.30 X X X X
3.60 X X X X
4.01 X X X X
434 X X X X
475 X X X X X X
545 X X X X X X
6.49 X X X X X X
7.23 X X X X X
7.64 X X X X X
7.93 X X X X X X
8.34 X X X X X X
8.67 X X X X X X
9.08 X X X X X X
9.38 X X X X X X

In order to compute the solid mass flow rate, the batch weight of the material is
divided by the conveying time. The conveying time can be ascertained by examining
the pressure time series of the initial sensor, positioned at the beginning of the pipeline.
The commencement of the test is identified when the pressure drop surpasses zero for the
first time, while the conclusion of the test is marked when the entire batch of material has
exited the pipeline and the pressure drop reverts to zero. The precise instant of the chosen
points is determined through MATLAB (2022b) programming, subsequently enabling the
calculation of the test duration. Additionally, to assess the precision of the pressure model,
it is imperative to measure the pressure drop during the testing process. Due to the pressure
drop’s fluctuations while conveying, the average pressure drop during plug conveying
is considered.

The aforementioned procedure is depicted in Figure 3, where the dashed red lines
signify the beginning and end of the test employed to measure the test duration. Simultane-
ously, the dashed blue lines indicate the region utilized to determine the average pressure
drop during conveying.
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Figure 3. Process for determining pressure drop and test duration in single batch conveying.

In the context of pneumatic conveying in extended pipelines, it is commonly observed
in the literature that a steady-state pressure drop prevails, with fluctuations and peaks
occurring predominantly at the beginning and end of the tests. These pressure surges at
the pipeline entrance and exit are more pronounced when the pipeline length is sufficiently
long, allowing for a more distinct identification of the steady-state region [7,52,53].

However, our study was conducted using a comparatively shorter pipeline, resulting
in variations in the steady-state area under different test conditions involving different
materials and air mass flow rates. To ensure consistent identification of the steady-state
pressure drop, we have chosen to define the start and end points of each test and calculate
the average pressure drop within this defined region.

It is worth noting that the count of peak pressure drop values at the beginning of the
tests is considerably lower compared to the number of measurements taken as the material
plug moves through the pipeline. Consequently, these initial peak values have a limited
impact on the overall average value. Nevertheless, considering them provides a more
comprehensive and consistent approach for identifying the pressure drop associated with
each test and evaluating the model. We highly appreciate your feedback, and we believe
that this explanation adequately addresses your inquiry.

2.3. Experimental Setup for Pneumatic Conveying Rotary Valve and Test Procedure

A specialized experimental arrangement, known as the continuous pneumatic convey-
ing rig, was developed to investigate the behavior of biomass materials during continuous
conveying. The primary distinction between this configuration and the batch feeding
system lies in the inclusion of a hopper and rotary valve, which enable the continuous
introduction of materials into the pipeline.

In this experimental configuration, a NU-CON DT 500 C NS, GEA Nu-Con Ltd.
Auckland, New Zealand rotary valve featuring a 250 mm inlet and outlet diameter
was employed. The chosen rotary valve has an 8-vane bevel tip rotor design that mini-
mizes air leakage and curtails product accumulation, leading to a uniform and seamless
material flow. Furthermore, the valve contains dual-shaft air seals that inhibit prod-
uct leakage, enhancing its dependability and conveying efficiency for biomass mate-
rials. To enable efficient and effective biomass material conveying, a drop box was
incorporated into the conveying system below the rotary valve. The inlet air supply
was positioned 1000 mm from the drop box’s center to encourage optimal airflow and
strengthen the interaction between the material and the air. A 1-inch fitting was utilized
to connect the air supply hose directly to the pipeline, introducing air into the system.
A controller was implemented to manage the air supply and maintain consistency during
the conveying process.
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The assembly of the hopper and rotary valve utilized in this study is presented in
Figure 4.

754 mm

793 mm

Camera 1 vision Camera 2 vision
Rotary valve Morris cpuplings
[ ] — 1
|| Pressure sensor
|
Air supply 12,000 mm

Figure 4. The assembly of the hopper and rotary valve.

To enhance adaptability and efficiency in the testing procedure, variable speed drives
(VSDs) motor controllers were employed to control the rotary valve’s speed. This provided
the capability to accurately adjust the rotary valve speed over a wide range of frequencies,
from 0 to 50 Hz. It was noted that the rotary valve’s maximum RPM was 12 RPM, which
corresponds to a 50 Hz frequency in VSD. By utilizing VSDs, tests could be conducted
at various solid mass flow rates without negatively affecting the uniformity of the rotary
valve speed. This enabled consistent and accurate evaluation of the conveying system’s
performance under different conditions.

Upon an initial evaluation of the rotary valve’s capabilities, it was determined that
wood chips and wheat straw could not be fed through the valve without potentially
damaging its chain. This raised safety concerns and led to the exclusion of these materials
from the continuous pneumatic conveying experiments.

The primary distinction between batch-fed and continuous pneumatic conveying
testing procedures lies in the material feeding method. In continuous testing, the material
is conveyed through the pipeline after being loaded into the hopper. For each test, roughly
40 kg of material is fed from the top of the hopper. The tests are conducted at three different
rotary valve RPMs, which are 7, 9, and 12 RPM, corresponding to 30 Hz, 40 Hz, and 50 Hz
respectively, with varying air mass flow rates. Before loading the material into the hopper,
the desired frequency for the appropriate rotary valve RPM is established. Once the fre-
quency is set, the material is loaded into the hopper, and the testing procedure commences.
Table 3 shows test matrix of continuous conveying for wood pellets and cottonseeds.

In order to ensure consistency in data analysis throughout this study, the measurement
of solid mass flow rate was conducted in a manner analogous to the batch-fed test described
in the previous section. Specifically, the entire test duration was gauged through the pressure
sensor results, while the material weight was recorded at the receiving drum. The material
weight was then divided by the test duration to ascertain the solid mass flow rate.

The approach for selecting the measured pressure drop varied between the continuous
pneumatic conveying tests performed on cottonseed and wood pellets. Although both
materials exhibited plug flow, cottonseed plugs formed over shorter lengths but in greater
numbers per test compared to wood pellets. For wood pellets, at the pipeline’s beginning,
particles were observed to roll and form a longer layer of material, resulting in the rear
of the plug’s formation, which subsequently moved as a lengthy plug within the pipe.
Consequently, the pressure drop trend for cottonseed was characterized by multiple pulses
allocated to each formed plug. In contrast, for wood pellets, a linear increase in pressure
drop was observed until the plug formation. Once the plug was in place, a single pulse of
pressure drop was observed until the plug exited the pipe. Based on these observations, the
measured pressure drop for wood pellets and cottonseed was determined as the maximum
peak of pulses within the pipeline. This procedure is shown in Figure 5.
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Table 3. Test matrix of continuous conveying for wood pellets and cottonseeds.
Wood Pellets Cottonseeds
Frequency to Control the Rotary Valve’s Speed
Air Superficial 5, 40 Hz 50 Hz 30 Hz 40 Hz 50 Hz
Velocity (m/s)
4.34 X
4.75 X X
5.04 X X X
5.45 X X X X
5.78 X
649 X X X X X X
6.90 X X X
723 X X X X X X
764 X X X
834 X X X
9.38 X X X X X X
1123 X X X X X X
s 5 Test duration
Test duration 0
s s 35
§ 10 §,3°
g 8‘ 25
a ; [
[} : g 20
% 5 % 15
T : a
10
0 ¥ - L 3 0 - g g Py
0 B 50 100 : 150 0 10 20 : 30 40 50 60 70
Time (S) ' Time (S)
(a) Cottonseeds (b) Wood pellets

Figure 5. Process for determining pressure drop and test duration in continuous conveying of
cottonseeds and wood pellets.

Furthermore, load cells have been installed on the receiver of the pipeline to measure
the solid mass flow rate. These load cells are connected to a computer and set up to record
the mass flow rate at a frequency of 20 Hz.

3. Results and Discussion

This section presents the outcomes and analysis of the present investigation in two distinct
sub-sections. The first sub-section deals with the assessment of the model’s performance in
conveying biomass through pneumatic conveying in both single-batch and continuous modes.
Meanwhile, the second sub-section outlines the proposed optimization algorithm.

3.1. Analysis of Biomass Pneumatic Conveying Model: Single-Batch and Continuous Modes

This section emphasizes the assessment of the model’s performance as depicted in
Tables 2 and 3. In particular, six experiment sets were carried out, consisting of four series
of single batch conveying for four unique materials at two different bed weights, as well as
two extra test series performed on cottonseed and wood pellets using three distinct rotary
valve RPM settings. Altogether, 132 individual tests were conducted.
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In this study, it is essential to mention our previous investigation on cottonseed plug
formation [43], which concluded that cottonseed possesses the ability to maintain plug
flow during conveying. Rajabnia et al. [43] further emphasized the importance of the rear
section of the plug in sustaining its stability throughout the conveying process. Although
the author has submitted another paper discussing the performance of three additional
materials, the results from all four materials collectively demonstrate their potential to
maintain plug flow during both single batch and continuous conveying. Notably, cotton-
seed displayed a higher level of consistency in maintaining plug flow compared to the
other examined materials.

As previously discussed in our prior study and Section 1.1, the initial step of the
model involves determination of linearity and identification of constants.Subsequently,
Equation (3) will be employed to calculate the predicted pressure, which will then be
compared against the measured pressure drop obtained from testing.

Figure 6 demonstrates the achieved linearity for all four materials.
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Figure 6. Linear fit regression to both single batch and continuous conveying of wheat straw,
cottonseeds, wood pellets and wood chips.
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The results from the single batch feeding test series presented in Figure 6a—d indicate
that all four materials exhibit a degree of linearity. However, the observed linearity is
superior for cottonseeds and wood pellets compared to wood chips and wheat straw.
This outcome is in line with the existing understanding that biomass materials possess
unique characteristics such as irregular and heterogeneous shape [54]. In particular, wood
chips and wheat straw are considered to be the most extreme in this regard, exhibiting
a significantly greater particle size distribution and a less consistent particle shape [38].
The literature [55] suggests that high wall pressures, manifested as large fluctuations in
pressure, are associated with fewer particle contact points. Therefore, it is plausible that
the irregular shapes of wood chips and wheat straw result in fewer contact points with
the conveying system walls, leading to an increased incidence of pressure fluctuations.
The present analysis highlights that in the case of cottonseed and wood pellets, a higher
degree of linearity is observed on the graph as the values approach the origin on the
x-axis. This observation is attributed to the fact that in Equation (4), the denominator term
containing rhg results in lower x-axis values for higher air mass flow rates. Additionally, the
conveying of materials through dense phase conveying is more stable at higher air mass
flow rates, leading to a better linearity in the observed trends. Additionally, it is evident
that wood pellets exhibit better agreement in pressure drop prediction. This can be ascribed
to the conveying nature of this material, as it was observed to convey in a manner more
akin to slug flow rather than piston-like plug flow. Consequently, the contact area between
the particles and the pipe wall is smaller compared to the other materials, resulting in
reduced frictional forces from the wall. Thus, the recorded pressure drop is closer to the
final steady-state condition rather than that of the other materials. Moreover, it is apparent
that wood pellets demonstrate better alignment in pressure drop prediction. This can be
attributed to the conveying characteristics of this material, as it was observed to convey in
a manner more similar to slug flow rather than piston-like plug flow, and its highest bulk
and particle density compared to the other materials. As a result, the contact area between
the batch of wood pellets and the pipe wall is smaller compared to the other materials,
leading to decreased frictional forces from the wall.

Furthermore, the results depicted in Figure 6e,f for continuous conveying using a
rotary valve indicate a similar behavior, wherein all materials can be conveyed in plug flow.
However, at lower air flow rates, there exists a possibility of blockage in the conveying of
the tested materials due to the dominant effect of wall friction on the plug. This finding
is consistent with the outcomes of Vasquez et al. [55], who concluded that an increase in
superficial air velocity results in a nearly linear increase in wall pressure. Therefore, in
lower air superficial velocities, a higher pluses of pressure drop will be captured by the
sensor which can affect the measured average pressure drop described in Section 2.3.

In order to evaluate the efficacy of the model, the obtained regression constants must
be applied to the model to calculate the pressure drop. The resultant predicted pressure
drop is then compared to the actual measured values, as depicted in Figure 7. Within
a range of 30% error, it is evident that the model aligns well with the empirical data,
thereby indicating a satisfactory level of agreement between the predicted and actual
pressure drops.

More specifically, in the context of continuous pneumatic conveying experiments
which is more widely utilized technique in industry, findings indicate that two materials
under investigation possess unique particle characteristics, despite their smaller particle
size distributions in comparison to other materials studied. Specifically, cottonseed displays
lower bulk density and mechanical cohesion between particles, which can be attributed to
the existence of a surrounding fuzz. In contrast, wood pellets exhibit a cylindrical shape
and a wider range of particle size distribution with heterogeneous bulk density due to the
presence of crushed particles within the bulk [49]. However, it is worth noting that the
pressure model employed in the experiments demonstrates excellent performance for both
materials, with an error bound of 30 percent.
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Figure 7. Predicted pressure drop versus the measured pressure drop in both single batch and

continuous conveying of wheat straw, cottonseeds, wood pellets and wood chips.

The results reveal that some data points surpass the 30 percent error threshold. This
discrepancy can be linked to the relatively short test section used in this research, measuring
only 12 m, which may capture minor fluctuations in the system compared to a longer con-
figuration. Furthermore, in continuous pneumatic conveying, the pressure drop is regarded
as the maximum value of pressure pulses within the system, potentially preventing the
system from reaching a steady-state condition. Consequently, the implementation of an
extended pipeline might enhance system stability and increase predictability.

In particular for the cottonseed, this discrepancy may be attributed to the relatively
limited range of air mass flow rates tested for cottonseed as compared to wood pellets.
Specifically, in a continuous conveying system where multiple plugs are present within the
pipe, at lower air superficial velocities, the movement of a plug can be influenced by the
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residual material left from the plug in front. Such changes in plug movement can translate
to fluctuations in the pressure drop, which is a response of the system.

Based on the results, it can be inferred that the model employed in this study exhibits
a high degree of sensitivity to the accurate extraction of its constants. In order to further
refine and optimize the model, a thorough understanding of the impact of these constants
on the model’s performance is required. The subsequent section of this study will center
on this matter, with the aim of providing a deeper understanding of the efficient extraction
of these constants.

3.2. Model Optimization

As previously discussed, the present model offers the advantage of eliminating the
need to calculate the solid friction factor, as seen in similar pressure models that comprise
two components: air and solid. However, to predict the pressure accurately, this model
requires trial tests to obtain the constants. This study aims to address two questions that
may arise regarding this matter. Firstly, what is the minimum number of trial tests required
to achieve optimal results from the model, and secondly, what are the criteria for selecting
the conditions for the minimum number of trial tests to use the model effectively. Providing
valid answers to these questions can significantly benefit the industry by reducing the cost
of trial tests.

In order to address the research questions posed in this study, a methodical approach
comprising several stages has been adopted, which can be represented as an algorithm.
These stages are delineated as follows:

1. Assess the impact of constant parameter sensitivity on the pressure model outcomes.

2. Identify various combinations of test sets, denoted as C(m, n), where m signifies the
total number of tests for a specific test series (e.g., single-batch conveying of wood
chips), and 7 represents the distinct combinations that can vary from 2 to (m —1).

3. Establish an R-squared value to evaluate the accuracy of the linear regression fit, and
employ the Root Mean Square Error (RMSE) metric to gauge the precision of the
predicted pressure.

4.  Determine the proportion of C(m,n) outcomes that adhere to the acceptable error
range.

5. Iterate through the preceding four steps to identify the appropriate value of n.

6. Investigate potential correlations between the input parameters of the n tests and the
corresponding error to identify meaningful patterns.

In order to provide a more detailed explanation of our approach, we will outline each
step of the algorithm in greater detail.

Firstly, we begin by examining the linear fit coefficient for different materials and
two sets of experiments: batch feed and continuous pneumatic conveying. The achieved
coefficients from the tests conducted in this study are presented in Table 4. These coefficients
are used to represent the intercept of the y-axis in the model, denoted by a, and are
multiplied by the squared air mass flow rate. The slope of the linear fit, denoted by b, is the
multiplication of the solid ratio in the model.

Table 4. Linear fit coefficients of all tests.

. Single Batch Test Continuous Test
Material
a b a b
Cottonseed 421.88 0.16 245.11 2.83
Wood pellets 155.70 0.48 608.85 2.45
Wheat straw 81.47 0.34 X X
Wood chips 0.00 141 X X

Our previous study [44] provided a detailed analysis of the sensitivity of the pressure
model to the constants and their impact on model performance. The investigation found
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that the a coefficient, which counteracts the effect of the air component in the model,
has little influence on the results. However, a zero value for a would likely result in an
underestimation of the pressure. Our previous study also concluded that the constants are
highly dependent on the system configurations.

In this current study, we aim to further investigate the effect of the constants on the
model’s performance. The experimental findings shown in Table 4 reveal that when compar-
ing single batch and continuous conveying of cottonseeds and wood pellets, the slopes are
generally lower for single batch conveying. This observation aligns with the understanding
that in single batch conveying, the plug length is intentionally limited to a specific length
due to the fixed weight of the bed. Consequently, this results in a smaller constant b in the
model, which accounts for the solid component, as compared to continuous conveying
where the solid component is more dominant.

To further examine the impact of a zero value for a in this study, we conducted a
survey of the results, which are depicted in the Figure 8 showing the predicted pressure
drop for continuous conveying of cottonseed and wood pellets.

8000 2 o
O Measured Data Py O Measured Data
7000 |= = Linear Regression Fit © L‘E TTTTYyX
= 30% Error Bound
6000 /// 215 -30% Error Bound 5
5000 o // 5 ° B
B e e ]
= e} = e} b
= 4000 210 "o
2 o
3000 o _i' 6 7 o
° o & © . °©
2000 25 &
1 o
1000 = y -
0 & : : : : 0=
0 500 1000 1500 2000 2500 0 5 10 15 20
1/ (M) Predicted pressure drop (kPa)
(a) Linear regression, cottonseeds (b) Model performance, cottonseeds
12,000 oo
= = Linear Regression Fit s S - y=x ’
10000 © < % 30 30% Error Bound ~
o, -30% Error Bound ° o
8000 225 o
~ o]
a3 ®
2 320 o 7
= 6000 2 / 5
[ L o o o e
< a 15 o ©
oo,
4000 _a“l & o
3 10 /,§
g L
2000 2“’ 5 s
0 . 0 ‘
0 500 1000 1500 2000 2500 3000 3500 4000 0 10 20 30 40
1/ (i) Predicted pressure drop (kPa)
(c) Linear regression, wood pellets (d) Model performance, wood pellets

Figure 8. Linear regression and model performance with constant a set to zero in continuous
pneumatic conveying.

The results presented in Figure 8 demonstrate that there was no significant difference
in the linear fit when forcing it to pass through the origin. However, it should be noted that
the proposed model is more likely to underestimate the pressure drop when the intercept
value is forced to zero, as it does not consider the contribution of gas pressure drop inside
the system. Despite disregarding the a coefficient, the model still operates effectively. It is
worth noting that the boundary conditions of the linear fit require that both constants must
be positive, while the intercept can be zero.

Hence, In light of the fact that the constants have a significant impact on the accuracy
of the linear fit and the pressure model in predicting the pressure drop, and given the
objective of this study to determine the minimum number of trial tests needed to obtain the
most precise constants, we will evaluate the accuracy of both the linear fit and the pressure
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model at each stage of the study. To accomplish this, we will use the R-squared value as
the measure of the accuracy of the linear fit, and the Root Mean Square Error (RMSE) will
be employed to verify the predicted pressure against the measured pressure drop. In this
study, we used the RMSE error in percentage form due to its benefits in interpreting and
comparing the model’s performance. Expressing RMSE as a percentage enables easier
understanding of the error magnitude and facilitates better comparison between models or
datasets. Furthermore, it maintains consistency with other percentage-based metrics, such
as the R-squared value, resulting in a more coherent presentation of results. Ultimately,
using the RMSE in percentage form provides a more intuitive understanding of the model’s
accuracy and its potential applications.

In the second step of the proposed algorithm, the optimal number of tests required
to obtain accurate results is determined by identifying the combination of tests that can
provide results equivalent to conducting the entire series of tests. Specifically, combinations
of n tests for each series of tests were identified as the training data. Linear regression was
performed on the training data and compared with the linear regression of the entire series
of tests, which served as a reference to determine the R_squared value. Subsequently, the
training data was utilized to predict the pressure drop for the entire series of tests, defined
as the validation data, and compared with their corresponding RMSE values.

The study defines R_squared of 0.8 and RMSE of 20 percent as the criteria for model ac-
curacy. Specifically, if the linear regression of training subset data results in an R_squared of
0.8 or higher compared to the reference linear fit and an RMSE error of less than 20 percent
compared to the measured data, those subset data are considered suitable as trial tests.
Since n = 3 represents the minimum and ideal number of trial tests, the procedure com-
mences with combinations of three tests. Table 5 presents the number of subset data
involving three tests, which corresponds to the second step of the algorithm. Additionally,
The R-squared and RMSE columns in the table represent the proportion of training data
subsets that achieve acceptable results in pressure prediction. These subsets are evaluated
using the R-squared and RMSE values as indicators of their performance.

For a subset to be considered acceptable, its R-squared value must exceed 0.8, indicat-
ing a strong correlation between the predicted and actual pressure values. Additionally,
the RMSE value of a subset should be less than 20%, reflecting a low level of error in the
predicted pressure values compared to the actual values.

By applying these criteria to each subset, we calculate the percentage of subsets that
meet the acceptability thresholds, which is then presented in the table.

Table 5. Number of combination subsets and the associated accuracy percentage for training data.

Single Batch, Percentage Accuracy  Continuous, Percentage Accuracy

C(m,3) RMSE R_SQUARED C(m,3) RMSE R_SQUARED

Cottonseed 1540 50.84 63.38 364 61.26 63.19
Wood pellets 455 52.09 59.34 1540 41.43 50
Wheat straw 680 81.62 42.79 X X X
Wood chips 680 7.65 19.41 X X X

As observed in Table 5, despite the single batch test of wood chips exhibiting the
lowest percentage of three-test groups meeting the established criteria, the other test series
demonstrate that a minimum of 40 percent of any three-test subset selections can fulfill
the specified requirements. As previously mentioned, wood chips were tested solely in
single batch conveying. Despite the persistent presence of a plug with low conveying in the
system, it is more likely for the plug to collapse within the pipe, which could influence the
system’s steady-state condition. In other words, a more extended and continuous system
would offer enhanced stability in pressure, thereby improving the model’s performance,
as discussed in earlier studies. However, as the primary objective of this study section is
to optimize the selection of the best subset of training data, the focus should remain on
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the three-test groups capable of predicting pressure for an entire independent test series.
Consequently, since each material has at least one three-test subset that can accurately
predict the system’s pressure, it is sufficient for consideration.

As a reference, Figure 9 demonstrates an example of the model’s ability to predict the
validated dataset using a group of three trained test subsets in continuous conveying of
cottonseed and wood pellets. The subset of cottonseed exhibited an R-squared value of 0.94
and an RMSE of 14.26%, while the subset of wood pellets displayed an R-squared value of
0.89 and an RMSE of 15.36%. These results are indicated by the red markers in the figure.
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Figure 9. Model” performance using training subset of three for cottonseed and wood pellets in

continuous conveying.

As depicted in Figure 9, a subset of three tests can effectively predict the entire set of
conducted tests within an acceptable error bound. The algorithm presented demonstrates
that carrying out three trial tests allows for the extraction of the model’s coefficients, which
can subsequently be used to predict the pressure drop accurately. While the combination
of three tests exhibits strong performance, increasing the number of trial test selections to
4,5, or 6 tests could further improve the accuracy. This enhancement corresponds to the
completion of stage 5 of the algorithm.

The accuracy of selecting a subset of data to improve the model’s performance is
investigated by examining the combinations of C (n, 4), C (n, 5), C (n, 6), and C (n, 7) in
continuous conveying of cottonseed, as shown in the Figure 10. The results demonstrate
that increasing the number of training subsets exponentially increases the likelihood of
choosing a subset to predict accurately the pressure drop for all data points in a system,
with a more significant improvement in the RMSE error than the R-squared. Specifically,
among all combinations of tests, the number of combinations meeting the criteria for the R-
squared increases relatively weaker than that for the RMSE. Thus, although the R-squared
may be less than 80%, the model’s performance in predicting the pressure improves with
an increasing number of trial tests.

The primary objective of the final phase of the algorithm is to further enhance the
likelihood of selecting the most accurate subset of training data. To achieve this, a total of
5259 combinations of three tests are generated, encompassing various subsets. The proposed
approach involves treating the air mass flow rate as the input data and evaluating the model’s
performance using the root mean square error (RMSE) as the output metric.

An investigation is conducted to examine the relationship between the key descriptive
statistics of the training subsets, namely standard deviation, range, mean, and median, and
the RMSE error. The findings are presented in Figure 11, which offers insights into the
connection between the training data’s statistical characteristics and the performance of the
model. As observed from the results, there is a notable shift when the error is approximately
15%. This point is taken as a reference to identify patterns, and the red solid lines demarcate
the values of range, median, and mean of subsets that have an error exceeding the reference
value. The percentage of points above the red line is subsequently computed.
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Figure 11. Comparative analysis of the relationship between RMSE error and key descriptive statistics
of the trained Subset: Standard Deviation, Range, Median, and Mean.

The findings reveal that 76% of mean subsets and 72% of median subsets lie above the
red lines, indicating that the selection of a three-test subset in these cases would certainly
result in an error greater than 15 percent.

The results also indicates that the model’s performance is strongly influenced by
the distribution of the training data, with increased dispersion leading to less accurate
predictions. Consequently, it is advisable to prioritize the selection of training subsets that
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exhibit lower values for standard deviation, median, mean, and range, in order to reduce
the model’s error rate and improve its overall accuracy.

Further exploration into the underlying causes of this observed relationship unveils
a potential mathematical rationale. Considering that the cubic term of the air mass flow
rate is present in the denominator of Equation (4), lower flow rate values correspond to the
highest values on the linear regression fit. As the intercept values are negligible compared
to the highest values on the linear graph, a valid dataset for the constants can be obtained
from a subset of three tests.

Additionally, it has been noted that as the air mass flow rate decreases, the impact of
the model’s solid part becomes more pronounced, which in turn results in a more accurate
prediction of the slope of the linear fit. This slope is a dominant factor in determining the
model’s accuracy. Consequently, within this range of air mass flow rates, the model is
capable of providing valid and acceptable constants for predicting the pressure across the
entire system.

Therefore, the observations from this portion of the algorithm suggest that selecting a
subset of three trial tests with air mass flow rates in close proximity and at lower values that
can stably convey the material significantly increases the probability of generating accurate
constants for the model, as shown in Equation (3). This, in turn, enables the prediction of
pressure drop across a broader range of air mass flow rates.

This paper focused on assessing the effectiveness of the proposed model using various
types of biomass. However, it is important to note that the study is conducted in a straight
pipeline with a length of 12 m. For future studies, it would be intriguing to investigate a
wider range of materials in a longer pipeline that includes bends. This would provide a
more comprehensive understanding of the model’s performance in more industrial scale of
conveying scenarios.

4. Conclusions

This study advances the authors’ previous research on proposing a pressure model to pre-
dict pressure drop in pneumatic conveying systems. The study aims to address two questions
concerning the pressure model: (1) the comprehensiveness and functionality of the proposed
model for complex materials such as biomass, and (2) the minimum number of trial tests
required for the model to maintain its effectiveness in predicting system pressure.

To answer these questions, a series of tests were conducted using two different test
configurations and four biomass materials: cottonseeds, wood pellets, wood chips, and
wheat straw. The first test configuration involved single batch conveying with an artificial
plug formed at the bottom of the pipe, while the second configuration incorporated a rotary
valve and hopper for continuous material feeding. The performance of the model was
assessed, and the results demonstrated its ability to predict pressure within an error bound
of 30 percent.

Regarding the second research objective, different training subsets of trial tests were
selected using combination analysis, C(m,n), where m represents the total number of
tests and n denotes the training subset. Model effectiveness was evaluated by examining
R-squared values from linear regression and root mean square error (RMSE) values for
predicted versus measured pressure in validation data. Results indicated that when consid-
ering R-squared as the validation measurement, when using R-squared as the validation
metric for wheat straw, there is an 80 percent likelihood of choosing a trial test combination
capable of predicting pressure within an acceptable error range (R?> > 0.8). When employ-
ing RMSE as the validation criterion and maintaining an accuracy level of RMSE = 20%,
the probability of achieving this level can reach up to 60 percent for cottonseeds.

Further investigation of the optimization process involved examining key descriptive
statistics, such as standard deviation, median, and mean, for subsets of three, with air mass
flow rate as the input and RMSE as the output. The findings suggested that selecting inputs
within lower ranges and closer to each other increases the probability of avoiding subsets
with higher error rates than the acceptable range by up to 70 percent.
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This study has the potential to significantly reduce the number of trial tests required
in industry while maintaining the pressure model’s capability to predict pressure across a
range of air mass flow rates, leading to improved efficiency and cost savings.
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