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ABSTRACT

Teff is a gluten-free grain native to Ethiopia that is gaining global popularity due to its
nutritional benefits. Despite its advantages, teff faces challenges in farming and handling
because of its tiny grain size, weak stems, high lodging tendency, and reliance on
traditional production and postharvest methods. These factors contribute to low yields,
poor grain quality, and substantial losses during harvesting, handling, and processing.
This study investigates the use of pneumatic conveying systems to improve teff grain
handling, with a focus on pressure drop as a key system parameter. The research involved
determining engineering properties, designing and constructing a laboratory-scale
conveyor system, and analyzing pressure drops across critical components, including the
feeder, horizontal and vertical pipes, 90° bends, and a cyclone separator. Laboratory
experiments, CFD-DPM simulations, and artificial neural network modeling were
employed to comprehensively study the system. Teff grain was found to have a mean
particle diameter of 0.68-0.72 mm, particle density of 1120-1381 kg/m3, sphericity of 0.67-
0.69, terminal velocity around 3.6 m/s, and an angle of repose between 20.2° and 23.8°.
Compared to other cereal grains, teff’s smaller particle size and lower terminal velocity
significantly influence its pneumatic conveying characteristics. Fluidized bed tests
revealed that teff behaves as a bubbly, free-flowing material, with pressure drops of 100-
107 mbar/m and a minimum fluidization velocity of 0.56-0.575 m/s, indicating that dilute-
phase pneumatic conveying is more suitable than dense-phase systems. Minimum
conveying velocities ranged from 6.0-20.7 m/s, depending on solid loading ratios 0.3-5.0
and pipe diameters 50-110 mm, suggesting that teff requires relatively lower airflow rates
for full particle suspension. However, it’s very small particle size leads to higher pressure
drops and non-uniform air velocity distribution in straight pipes. CFD-DPM simulations
closely matched laboratory results, with R? values of 0.990-0.997. ANN models trained on
both experimental and simulation data also performed excellently, predicting pressure
drops with R? values of 0.971-0.981. Statistical validation demonstrated the reliability of
these models, with MSE of 27-7984, RMSE of 5.2-89, MAE of 4.1-65, and MAPE of 6-25%,
showing strong agreement with experimental results and reliable predictive capability. The
findings emphasize that the design of pneumatic conveyors for teff must consider its small
particle size, moderate density, and low terminal velocity, rendering dilute-phase
conveying the most suitable option. It is essential to optimize airflow and pressure
differentials to ensure a blockage-free and energy-efficient operation. In summary, the
integration of experimental analysis, CFD-DPM simulations, and ANN modeling offers a
comprehensive approach to understanding teff grain flow, thereby facilitating the design,
development, and optimization of efficient pneumatic conveying systems for production,
postharvest handling, and processing applications.

Keywords: Artificial neural network, Computational fluid dynamics, Experimental,

Pneumatic conveying, Pressure drop, Teft grain
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CHAPTER ONE

INTRODUCTION

1.1. Background of the study

Teff (Eragrostis tef (Zucc.) Trotter) is an essential cereal crop native to Ethiopia and is
deeply a part of the nation's culture and traditions. The crop not only serves as a crop used
in agriculture, a staple crop, but is also a country's symbol of pride. It is a really important
crop for small farmers in Ethiopia, a staple food, and it has been a main source of food for

thousands of years (Barretto et al., 2021).

Teff is the smallest grain in the world, having colors from ivory and reddish-brown to
white, with a distinct taste. It is gluten-free and nutritionally rich, containing high levels of
protein, fiber, iron, calcium, and essential amino acids, and it has gained global credit as a
potential super food and a viable alternative in modern food products (Abebaw & Abera,
2020; Alfy et al., 2012; Tadele & Hibistu, 2022).

Teff is an annual warm-season grass that occurs in different agro-ecological conditions. It
was cultivated optimally at high altitudes from 1,500 to 2,500 meters above sea level with
rainfall from 450 to 550 mm annually and needs drained soils with a pH from 5.5 to 6.5.
However, teff is highly robust, tolerating nutrient-poor soils, drought, and waterlogging. Its
maturation period ranges from sixty to one hundred twenty days, depending on the variety
and environmental situation. It is primarily rain-fed and can also be irrigated; this
highlights its adaptability in various conditions (Adepoju et al., 2024; Alemu et al., 2024;
Gadissa & Adem, 2025).

Teff is the basis of Ethiopia’s food security, feeding huge parts of the population. It is
grown by over 6.5 million smallholder farmers and produces over 5.4 million metric tons
annually. Ethiopia also produces 90% of the world’s teff, while its cultivation is expanding
to Eritrea, Netherlands, South Africa, Kenya, U.S., Australia, and other regions due to its
adaptability (Hein et al., 2025). It has the lowest yield of all the main cereal grains in
Ethiopia, usually ranging from 17.56 to 18.82 quintals per hectare (Tiguh et al., 2024). To
achieve higher teff yields, adopting row planting for optimal spacing, adjusting seeding
rates, selecting improved varieties, and applying appropriate fertilizers are essential

agronomic practices (Negash et al., 2017).



Teff takes a bigger portion of farmland in Ethiopia than other major grains like maize,
wheat, sorghum, and barley. In the 2020/21 production year, it covered about 22.56% of all
of Ethiopia’s agricultural land (Tiguh et al., 2024).

In Ethiopian teff grain production varies in different regions of the country, including
Oromia, Amhara, Tigray, Southern Nation and Nationalities Region, Benishangul-Gumuz,
and others. As Oromia is high in terms of production, followed by Amhara and Tigray,
productivity rates vary as agricultural practices are different, climatically variable, and
resource-constrained. The regional distribution of teff highlights its importance in
Ethiopian agriculture (Tadele & Hibistu, 2022).

In Ethiopia, teff provides 2/3 of the daily protein intake. It is the primary ingredient
for injera, a sourdough flatbread, porridge, and alcoholic beverages t’ella, and arak’e. It has
high mineral content and is suitable for fortified baby foods (Zeleke, 2015). Beyond human
consumption, teff grass serves as nutritious fodder for livestock and is used in construction

for the plastering of storage walls (Roseberg et al., 2018).

Recently, advancements in teff production have improved its yield and quality, with
notable progress through cluster farming practices that enable smallholder farmers to pool
resources, share knowledge, and achieve economies of scale. The introduction of
mechanized solutions has reduced losses and labor intensity, while the adoption of
improved agronomic practices, including optimized planting techniques, high-yield seed
varieties, and precision fertilizer use, has further increased yields and grain quality
(Endalew et al., 2024).

Research, infrastructure development, and farmer training must continue to stimulate
productivity growth and development. The policies on production and price stabilization
are required to meet the country's domestic needs and growing export demand; these
measures must be carefully designed to avoid negatively affecting Ethiopian farmers’
livelihoods. Effective policy implementation should balance market competitiveness with
fair producer prices, ensuring that farmers remain motivated to sustain and improve teff
production. In addition, work on high-tech agricultural innovations and sustainable
practices for productivity improvement, market access, and quality enhancement to

become competitive in exports is urgently required (Yigezu, 2021).



Pneumatic conveyors were a good alternative to handle dry fine bulk material like teff
grain, using airflow in the pipeline to produce a gentle and efficient way of transporting
bulk material. They were commonly used in a wide range of industries, such as agriculture,
food processing, chemicals, pharmaceuticals, and others. When it came to handling
agricultural products, pneumatic conveyors greatly minimized contamination and reduced
labor for transporting. Their versatility was combined with economically efficient methods
to transport bulk material (Chan et al., 2015; Mohapatra et al., 2019).

Pneumatic conveying systems were categorized into three main types based on their
operating principles and phase density. Dilute-phase conveying operated with high velocity
and low pressure, maintaining a low product-to-air ratio that kept materials suspended
during continuous transport. In contrast, dense-phase systems functioned in batches using
low velocity and high pressure with a high product-to-air ratio, making them suitable for
fragile materials. Mixed-phase conveying served as an intermediate system that combined
characteristics of both dilute and dense phases (Shijo & Behera, 2023).

Pneumatic conveying systems benefited in terms of flexibility to change or adapt to new
materials and new processes, providing tremendous advantages, along with self-cleaning
designs that minimized material losses. The enclosed nature of pneumatic conveyors
enhanced safety by reducing operator risk and preventing environmental contamination.
Additional benefits included low maintenance requirements due to few moving parts,
weatherproof construction, and the ability to transport materials over long distances
without degradation (Ghafori & Sharifi, 2018).

Beyond material transport, pneumatic conveyors effectively managed dust extraction while
helping to regulate moisture and temperature levels during conveyance. The practical
applications of pneumatic conveying technology extended across a wide range of
agricultural and industrial processes, including seeding, harvesting, cleaning, drying,

loading, unloading, feeding, blending, and packing (Deka & Bortha, 2024).

Mechanical conveyors were often inefficient for modern processing of fine dry bulk
materials because they had rigid designs, occupied large spaces, and exposed materials to
dust and contamination risks. These systems could also damage fragile products,
particularly fine grains and powders, during handling and transfer. They required extra

components for changes in direction or elevation, which increased complexity and



maintenance demand. Frequent maintenance and limited flexibility further reduced their
practical application in modern processing facilities. In addition, mechanical systems could
generate dust emissions, causing material loss, environmental concerns, and inconsistent
flow behavior. Therefore, selecting a conveyor system required consideration of the
material characteristics, processing requirements, and available space to ensure efficient
and reliable operation ( Kay, 2012; Govindan, 2020; Tadic et al., 2024).

1.2. Justification

Teff has recently gained significant attention in the contemporary food industry due to its
remarkable nutritional and health benefits, as well as its increasing global demand. Despite
its high nutritional value, teff faces major agronomic and postharvest challenges arising
from the crop’s unique characteristics. Its small grain size, weak stems, high lodging
tendency, and reliance on traditional production, handling, and processing methods all
contribute to low productivity, high post-harvest losses, and suboptimal grain quality.

In Ethiopia, teff productivity is limited with average yields reported at 17.56-18.82 quintals
ha™! (Tiguh et al., 2024), far below the potential 3.5-4.0 t ha™! achievable under improved
cultivation practices (Negash et al., 2017). Post-harvest losses were also substantial,
ranging from 16-30% during harvesting and handling (Minten et al., 2016), with an
additional 2.2-3.3% lost along rural-urban supply chains (Gonite, 2018). These challenges
collectively reduce efficiency in production and supply, limiting the economic and

nutritional benefits of the grain.

Teff occupies 22.56% of Ethiopia’s cultivated land (Tiguh et al., 2024) and supports over
6.5 million smallholder farmers (Hein et al., 2025). Improving post-harvest and handling
technologies has significant potential to enhance food security, farmer livelihoods, and
export competitiveness. Therefore, research and development of innovative production,
handling, and processing technologies were critical to increasing yield, reducing losses,

maintaining grain quality, and improving overall processing efficiency.

Currently, Ethiopia primarily produces teff for local consumption. Nevertheless, the
country has a large capacity to scale into international demands. This can be achieved by
increasing production, adopting advanced handling technologies, and developing industrial
processing methods to create a variety of value-added products that meet global standards.



Such advancements would generate significant national income and unlock the potential of

this valuable grain.

As one of the modern handling solutions, pneumatic conveying stands out by combining
precision, efficiency, and sustainability. It offers effective approaches for the agriculture
and food processing industries. Particularly for delicate or high-value bulk materials like
teff grain, these systems streamline operations, reduce material losses, and maintain

product quality, proving a vital role across a wide range of applications.
1.3. Statement of the problem

Teff is a gluten-free grain with highly regarded nutritional benefits and has recently
attracted the attention of the modern food business (Zeleke, 2015). However, adequate
information is still hindering its handling and processing activities because it is a relatively
new raw material for modern industry (Sternberg & Sternberg, 2016). It is tiny and also
called the smallest grain in the world, which makes it challenging to handle without loss
(Barretto et al., 2021; Tadele & Hibistu, 2021; Tiguh et al., 2024).

Teff has unique physical properties that make it hard to handle mechanically. This limits
the adoption of modern agricultural technologies and contributes to low yields and
inconsistent grain quality. Farmers continue broadcasting teff seed by hand at 25-50 kg/ha,
although research recommends only 3-5 kg/ha to improve efficiency and reduce waste
(Dagnachew et al., 2020). During harvest and post-harvest operations, teff can lose 16-30%
due to shattering, contamination, and lodging, which alone can cause losses of up to 30%
(Minten et al., 2016). Post-harvest losses along rural-urban chains reach 2.2-3.3%, largely

tied to storage and transportation challenges (Gonite, 2018).

Researchers have suggested using aerodynamic properties, especially terminal velocity, for
teff cleaning, drying, and pneumatic transport (Shahbazi et al., 2014; Awgichew, 2019;
Bako & Bardey, 2020). However, terminal velocity focuses on individual particles and
does not represent actual pneumatic conveying conditions where particle concentration,
pipe diameter, and solid loading ratio influence flow behavior, while minimum conveying
velocity provides a more realistic design basis for pneumatic conveying of granular

materials.

Handling agricultural bulk materials is challenging due to their natural variability, and

studies employing numerical and machine-learning approaches remain limited
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(Abdollahpour et al., 2020; Emam et al., 2021; H. Zhao et al., 2021; Li et al., 2024). Teff,
in particular, has received very little engineering-focused research. Machines adapted from
wheat, rice, or other cereals often perform poorly with teff because of its exceptionally
small grain size and low terminal velocity. Most prior pneumatic conveying studies focus
on cereals such as wheat, maize, rice, or others, leaving teff-specific handling largely

unexplored.

A major problem in cereal grain pneumatic conveying research was the lack of integrated
experimental, numerical, and machine learning approaches. Previous studies primarily
relied on physical experiments and did not combine experimental, numerical, and Al-based
modeling, which limited the accuracy of system design and optimization.

Therefore, the study applied an integrated approach combining experimental tests,
numerical simulations, and Al-based modeling, which had not previously been used for
teff grain. This approach generated new engineering property data, simulated teff-specific
pneumatic flow behavior, and developed predictive machine-learning models. It provided
both original scientific insights and practical guidance for designing efficient pneumatic
conveying systems, ultimately supporting improved teff grain handling, reduced post-

harvest losses, and enhanced processing.
1.4. Objectives

1.4.1. General objective

This study aims to model the characteristics of teff grains in a positive-pressure dilute-
phase pneumatic conveying system using experimental analysis, CFD-DPM simulations,
and ANN modeling.

1.4.2. Specific objectives

1. To determine the relevant engineering properties, design, and construct a positive-

pressure dilute-phase pneumatic conveyor for teft grain;

2. To experimentally investigate and perform CFD-DPM simulation analysis of
pressure drops in the feeder, horizontal pipes, vertical pipes, 90° bends, and cyclone
separator of the positive-pressure dilute-phase pneumatic teff grain conveyor using

piecewise and full system approaches; and



3. To predict pressure drops in the feeder, horizontal pipes, vertical pipes, 90° bends,
and cyclone separator of the positive-pressure dilute-phase pneumatic teff grain

conveyor using artificial neural network modeling approach.
1.5. Significance of the study

This research addressed critical gaps in the literature, knowledge, and methodology related
to pneumatic conveying of teff grain by using an integrated approach that combined
experimental investigation, cost-effective CFD-DPM simulations, and ANN modeling,
which captured nonlinear relationships between system variables more effectively than
traditional models for predicting the flow behavior of teff grain in pneumatic conveying

systems.

No prior research specifically addressed the pneumatic conveying characteristics of teff
grain. This study aimed to characterize these conveying behaviors, filling a critical gap in
the literature. Previous research had predominantly focused on other cereal grains, such as
wheat, maize, barley, and sorghum, leaving teff-specific pneumatic conveying behavior

largely unexplored.

Previous studies often recommended using terminal velocity for teff handling, which could
lead to a misunderstanding of pneumatic conveying principles. Terminal velocity applies
only to single particles and does not account for particle concentration, bulk flow, or pipe
geometry. In contrast, the minimum conveying velocity provides a more accurate
representation of pneumatic conveying behavior by considering particle concentration,
airflow rate, and pipe diameter. This study addressed this gap by determining the minimum
conveying velocity of teff grain in a pneumatic conveyor.

Existing empirical and theoretical models were also limited by small datasets, high costs,
and difficulty in representing the complex properties of agricultural particulate materials. A
thorough review of current modeling efforts revealed a lack of studies integrating
experimental data, numerical simulations, and machine-learning techniques. This research
addressed that gap by developing an integrated experimental, CFD-DPM, and ANN
approach capable of accurately predicting teff grain behavior in dilute-phase pneumatic

conveying systems.

Beyond its scientific contributions, the findings offered practical benefits for engineers,

researchers, and the food and grain processing industries. The results guided the
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optimization of pneumatic teff grain conveyors for diverse applications, including
conveying, seed drilling, cleaning, drying, cooling, disinfestation, feeding, blending, and
packing. The improved understanding of pressure drop, air velocity requirements, and
grain-air interactions supported the design of more energy-efficient systems, reduced grain

damage, and contributed to the development of future pneumatic handling technologies.
1.6. Scope of the study

This study investigated how teff grain flowed in a positive-pressure dilute-phase pneumatic
conveyor. Laboratory tests, numerical simulations, and machine learning (ANN) modeling
techniques were employed. First, a lab-scale pneumatic conveyor was constructed
specifically for teff grain, with attention given to key components such as the feeder,
horizontal and vertical pipes, 90° bends, and a cyclone separator. Each component was
individually tested and analyzed to understand its behavior, and the results were then
integrated to evaluate the performance of the complete system. This approach allowed for
the assessment of airflow, pressure drop, particle transport, and overall system efficiency

under realistic operating conditions.

The experiments were designed to measure inlet air velocity, material flow rate, and
pressure drops across the system under various operating conditions. These measurements
provided critical data for evaluating system performance and understanding the effects of
airflow rate, material flow rate, pipe geometry, and system configuration. Moreover, the
experimental results served as a benchmark for validating the CFD-DPM simulations and
the ANN model, ensuring that both accurately reflected the behavior of the grain in

pneumatic conveying.

CFD-DPM simulation was used to enhance the understanding of system behavior and to
generate additional data for the ANN model. It provided a detailed analysis of pressure and
air velocity distribution, particle concentration, and particle residence time without being
limited by operating conditions. This made it a valuable tool for strengthening system

insights and improving the prediction accuracy of the ANN model.

Combined data from experimental tests and CFD-DPM simulations were used to develop
an ANN model for predicting pressure drops across the main components of the pneumatic
conveying system, including the feeder, horizontal and vertical pipes, 90° bends, and

cyclone separator, while the total system pressure drop was expressed as the sum of



pressure drops across all major components. This integrated approach enabled the study to
accurately capture the complex flow behavior of teff grain and improve prediction

accuracy.
1.7. Limitations of the study

The study focused on positive-pressure dilute-phase pneumatic conveying systems, which
were theoretically suitable for teff grain. Dense-phase pneumatic conveying, which uses
higher material concentrations at lower air velocities, resulting in greater pressure drops
and higher energy demands, was excluded. Dense-phase systems were typically preferred
for fragile materials and were also expensive to study numerically due to their complexity
and high computational requirements. Negative-pressure systems, often used for
transporting dusty or hazardous materials, were also not included; these systems were
subjected to high pressure drops, convey over short distances, and present more
challenging material feed rate control.

This study did not examine the mechanical damage to teff grains caused by collisions with
pipe walls during pneumatic conveying, which uses fast air to transport the grains.
Previous research indicates that the mechanical damage rate for cereal grains is typically
below 5%. The extent of mechanical damage depends on particle size, density, and impact
energy. Because teff grains were smaller and lighter than other cereal grains, they
experience less impact energy, which may result in lower damage. However, this

assumption requires further experimental validation.

Pneumatic conveyors were not used solely for transporting dry, fine bulk materials but also
for dust extraction and the integration of heaters and coolers, which were essential for
moisture- and temperature-sensitive processes. Therefore, future research should focus on
negative-pressure and dense-phase pneumatic conveyors, the effects of mechanical
damage, dust extraction, and the incorporation of heaters and coolers. Addressing these
areas would significantly enhance the versatility of pneumatic teff grain conveyors and

improve their performance across a wider range of handling and processing operations.
1.8. Organization of the dissertation

This dissertation consisted of five chapters, each addressing specific aspects of the study.
Chapter One presented the introduction, justification, problem statement, objectives,

significance, scope, and limitations of the study. Chapter Two reviewed recent research on



the pneumatic conveying characteristics of materials, technological advancements in the
field, and identified research gaps. Chapter Three described the materials, experimental
setup, and methods used for investigation, analysis, and model evaluation. Chapter Four
discussed the data obtained from laboratory experiments, CFD-DPM simulations, and
ANN model results. Finally, Chapter Five presented the main conclusions, practical
recommendations for agricultural and industrial applications, and suggestions for future
research.
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CHAPTER TWO

LITERATURE REVIEW

2.1. Material properties relevant to pneumatic conveying

Pneumatic conveying behavior depends strongly on particle characteristics such as
moisture content, bulk and true density, particle size and shape, porosity, friction, terminal
velocity, and angle of repose. These properties determine air-particle interaction, minimum
conveying velocity, flow stability, separation efficiency, and energy demand (Sabar et al.
2020).

Teff is distinct among cereal grains due to its fine size, which increases dustiness,
segregation, and handling losses. Typical values reported for teff include moisture content
8-15%, thousand-grain weight 0.2-0.4 g, bulk density 806-840 kg/mé3, true density 1090-
1401 kg/m3, mean diameter 0.5-1.1 mm, sphericity 0.67-0.69, terminal velocity 3.08-3.96
m/s, and angle of repose 22-23° (Zewdu & Solomon, 2007b; Abebaw & Abera, 2020).
These require careful design of a handling system to reduce losses, dust, and degradation.

Compared with teff, grains such as wheat, maize, sorghum, and barley generally exhibit
larger particle diameters (2.5-8 mm), greater thousand-grain weights, wider moisture
ranges, and higher terminal velocities (5-13 m/s), resulting in different conveying behavior
and energy needs (Molenda & Stasiak, 2001; Guner, 2007; Tavakoli et al., 2009; Ghafori
et al.,, 2011; Aremu et al., 2014; Markauskas et al., 2015; Gu, 2018; Tabir et al., 2019;
Vasundhara et al., 2019; Sabar et al., 2020). Therefore, correlations and operating

guidelines developed for larger grains were not directly applicable to teff grain.

Terminal velocity is a key aerodynamic parameter in pneumatic separation and conveying,
as it defines the minimum airflow required to suspend particles and maintain efficient
transport (Vasundhara et al., 2019; Semenov et al., 2022). It depends on particle
characteristics such as size, shape, density, and moisture content, as well as air properties
like density and viscosity. Terminal velocity reflects the airflow resistance experienced by
particles under actual flow conditions and is calculated according to the method described
by Zewdu (2007a). Measuring or calculating this parameter is crucial for designing blower

specifications and determining the minimum conveying velocity in dilute-phase pneumatic
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systems. The terminal velocity of the particle was measured using Equations 2.1 to 2.3, as
described by Zewdu (2007a).

M, :%CdpaAVtz (2.1)

v, :{Ci'\";AJ : (2.2)
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Terminal-velocity models describe the behavior of individual particles, whereas pneumatic
conveying involves the movement of bulk material, where the interactions of a group of
particles with the airflow become important. For this reason, parameters such as saltation
velocity and solid loading were critical design considerations, which account for the
combined effects of material flow rate, air flow rate, and pipe diameter on conveying
performance (Khoshtaghaza & Mehdizadeh, 2006; Sabar et al., 2020). Incorporating these
parameters ensures that the system is designed to prevent particle settling, reduce pipeline

blockages, and optimize energy efficiency in the transport of bulk materials.

Overall, precise measurement and interpretation of cereal grain physical and aerodynamic
properties were crucial for pneumatic conveying system design parameters such as
terminal velocity and saltation velocity, which guided the design of PC for cereal grains
(Shahbazi et al., 2014; Awgichew, 2019; Bako & Bardey, 2020).

The numerical study used Rocky DEM to track each particle’s motion using Newton’s
second law, accounting for forces such as gravity, contact interactions, and fluid drag, and
updating particle positions and velocities over time to simulate realistic trajectories and
behavior. In this context, terminal velocity is determined as the steady-state velocity that a
particle reaches while falling through the fluid domain, typically observed during post-
processing or through trajectory analysis. This approach allows the simulation of particle-
air interactions and the assessment of aerodynamic properties critical for pneumatic

conveying design. Where V = Instantaneous velocity of the particle calculated as Equation
2.4, Ifg = gravitational force, Ifd = drag force from the fluid, and £ = contact forces from
collisions (Emam et al., 2021).

M= F +F +F 24)
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In a CFD-DEM setup, terminal velocity is determined when the net vertical acceleration

becomes zero: If only gravity and drag were considered:
F,+F+F =0 (2.5)
2.2. Theoretical background of designing pneumatic conveying systems

Pneumatic conveying is a method of transporting bulk materials such as grains, powders,
and granules used in various industries, particularly in agriculture and food products. In
pneumatic conveying, materials were moved through pipes using air or other gases. The
design of pneumatic conveying systems requires an understanding of fluid dynamics,
particle mechanics, and material properties. In practical application, there were two modes
of conveying dilute-phase suspension flow and dense-phase non-suspension flow, which
have their advantages and disadvantages (Behery et al., 2017; Wheeldon et al., 2022). A
typical low-pressure pneumatic conveyor system is illustrated in Figure 2.1.

—> Air

Feed hopper 7

\

Separator/discharge
hopper

Air >

Air and material

Figure 2.1. Typical low-pressure pneumatic conveyor (Bodkhe et al., 2015)

Airflow should be optimized and selected to reduce the pressure drop in pneumatic
conveying systems. Pressure drop depends on pipeline size and layout, conveying velocity,
material flow rate, and particle-wall friction. Empirical models and Computational fluid
dynamics can be used to predict the pressure drop in pneumatic conveying systems.
Conveying velocity should be taken into account; low air velocity may cause blockages by
settling particles, and high air velocity leads to high energy consumption and more pipeline
wear or material damage. Attention should be paid to selecting appropriate blowers,
pipelines, and cyclone separators according to the material characteristics and system

pressure drop (Kuang et al., 2020).
2.2.1. Flow regimes in pneumatic conveyor

The gas-solid multiphase flow model is important in understanding the behavior of

materials in pneumatic conveying systems. In Figure 2.2, it can be seen that there were six
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flow regimes (a-f). As the gas velocity increases, the flow regime changes from slug to
dispersed flow. The arrangement and movement of particles can cause a pressure drop,
which can be understood to have an efficient pneumatic conveying system for material
handling (Suppan et al., 2021).

N "
1 )

(a) Dispersed flow
" ' "‘ (b) Moving cluster flow
(c) Stationary flow
(©) (d) Stratified flow
m (e) Unstable flow
N [ (f) Slug flow

(d)

(c)
|

Pressure drop

A 4

Gas velocity

Figure 2.2. Flow regimes in pneumatic conveying (Suppan et al., 2021)
2.2.2. Some guidelines for designing pneumatic conveyors

Positive-pressure pneumatic conveyors were used when long-distance conveying is
required; the material to be handled is diverse, including dense, heavy, and abrasive
materials, and when distribution to multiple outlets from one source is needed. It is present
in lower-pressure drops; therefore, it is more energy efficient, cheaper to operate, and

requires less maintenance (Abe et al., 2023).

On the other hand, negative pressure or vacuum pneumatic conveyors were suitable for
short-distance conveying, handling dusty and fragile material, or when collecting material
from multiple sources to one terminal. It is frequently used in applications where dust
control and gentle handling were needed, such as in food and pharmaceutical products, but
it suffers from higher pressure drops, higher maintenance, and is less energy efficient at
long distances. The choice of phase of conveying depends on the material properties,

conveying distance, and the system needed (Ozlu & Guner, 2022).

A pneumatic conveyor could be divided into three main sections: the feeding section that
includes the feeder through which the material enters the system; the pipeline section that
includes horizontal, vertical, and bend parts; and the separation section that includes the
cyclone separator through which the material is separated from the airflow (Abe et al.,

2023).

In pneumatic conveyors, measuring pressure drop at least 2-3 meters of pipeline length

should be there to get a considerable pressure drop under minimum conditions (Shijo &
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Behera, 2021a). In pneumatic systems, there were 90° bends; the bend radius to pipe bore
diameter ratio should be at least 6 (Shijo & Behera, 2021). The solid loading ratio for
dilute-phase pneumatic conveying ranges between 1 and 15, in practice usually between 2
and 5 (Yang et al., 2024). Inlet air velocity for PC varies between 10 m/s to 30 m/s for the
dilute phase and 3 m/s to 8 m/s for the dense phase (Barrozo et al., 2010).

In dilute-phase pneumatic conveyors, saltation velocity is an important parameter to be
considered for the successful operation of the system. Prediction of saltation velocity is
very important for the design and operation of dilute-phase pneumatic conveying systems.
The systems should be operated at the desired flow rate without particle deposition (Gomes

& Mesquita, 2014).
2.2.3. Gas fluidization characteristics

Dense-phase conveying operates at low velocity and high pressure, suitable for cohesive
powders Geldart A, minimizing abrasion. Dilute-phase systems were ideal for free-flowing
particles Geldart B/D, but consume more energy. Key parameters include minimum
fluidization velocity Ups and pressure drop through the bed (Kaur et al., 2017). The
minimum fluidization velocity and maximum bed pressure drop were evaluated using

laboratory tests and the Carman-Kozeny equation as follows:

D, & ., 1
B S E gty
L o) e Re

Minimum fluidized velocity is calculated for a particle mean diameter of 0.70 mm, an

1.75 (2.6)

original bed height of 0.3 m, and a bed diameter of 0.05 m.
Voo 0Qx10°
sm A
CFD simulations using ANSYS Fluent with the Euler-Euler model and Syamlal-O’Brien

(2.7)

drag model have captured fluidized bed behavior accurately, showing bed expansion at
high gas velocities and fluctuating pressure drops at low velocities (Ajouri et al., 2022).
Moisture content influences airflow resistance; denser fill increases pressure drop. The
Ergun equation predicts trends within 7-8% error, guiding system optimization (Zewdu &
Siraj, 2021).

2.2.4. Solid loading ratio

The solids loading ratio (p) or phase density is a useful parameter to help observe the flow

rate. It is the ratio of the mass flow rate (ms) of the material being conveyed, divided by the
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mass flow rate (m,) of the air being used to convey the material. The recommended
maximum solids loading ratio for dilute-phase pneumatic conveyors is 1 to 15 percent
(Ebrahimi et al., 2014). It is calculated as Equation 2.8:

m

ﬂ:m— (2.8)

a

2.2.5. Rotary feeder

The design of the rotary feeder focuses on selecting an appropriate rotation speed to ensure
an accurate and consistent material flow rate. This helps minimize air leakage and reduce
energy consumption, improving both the reliability and efficiency of the pneumatic
conveying system (Gomes et al., 2021). The material flow rate from the hopper to the
pneumatic conveyor through the rotary feeder can be calculated using the methods and
equations provided, as shown in Equation 2.9. The pressure drop caused by the rotary
feeder is calculated using Equation 2.10 and B is outlet diameter of the hopper.
_ B?p,sin(0)

* 2LL-gsin(6)] (29)

2
v
AP = ka (2.10)
2.2.6. Minimum conveying velocity

Minimum conveying or saltation velocity is the speed at which particles remain suspended.
This prevents deposition and blockages, ensuring continuous operation. Equation 2.11 is

Rizk’s equation used to estimate minimum conveying velocity (Rakhimov et al., 2023).

1 Vv 1100d,+2.5

2.2.7. Pressure drop in pneumatic conveying system

In a pneumatic conveying system, the total pressure drop, expressed in Equation 2.12, is
the sum of losses from particle acceleration, lifting solids vertically, bends and elbows, air
friction along the pipe, and friction between particles and pipe walls (Datta & Ratnayaka,

2003), and is expressed as follows:

AP

total

= APaccel + APIift + APbends +AP,;, + AP,

air solids

(2.12)

Superficial gas velocity is typically 1.5V, and the air friction factor (f) is calculated from

Reynolds number (Re) is:
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Bend and solid friction factors were applied using empirical correlations (Sharma &

(2.13)

Mallick, 2019). Froude numbers and particle terminal velocities were used for multiphase

flow characterization, ensuring accurate pressure drop predictions.
2.2.8. Pressure Drop in cyclone separator

The size of a cyclone made for best performance will depend on its real use, that is, on the
type of solid material to be removed and the removal quality needed. Pressure drop across

the cyclone separator is calculated by Equation 2.14.

APcyclone = é:c %pavz (214)
Se =Gy X &5 (2.15)

&g is the effect of cyclone geometry and & solid loading on cyclone pressure drop. & is
approximately constant, equal to 0.5 over a solid loading range of up to 20 kg of solid/kg

of air.

2.3. Empirical models for pressure drop in pneumatic conveyors

Accurate prediction of pressure drop is essential for efficient pneumatic conveying,
especially for different materials. Traditional scale-up models worked for similar systems
but lacked adaptability for modern designs. Piece-wise modeling of feeders, straight pipes,
bends, and cyclone separators allows more precise predictions, as pressure drop is mainly
correlated with air velocity. The Divided Mills scale-up technique in Equation 2.16 is
limited to pipeline size but provides a full-system estimate: where, ms; and mg, = solid
mass flow rate (kg/s), D; and D, = pipe diameter (m), and L; (m) and L, (m) were adjusted

lengths to account for bends and pipe components (Datta & Ratnayaka, 2003).

2.8
_ LD
m,, mSlb[Dl] (2.16)

For single-phase air flow, Darcy’s equation is widely used:

2
Ap—gtpLVL (2.17)
2D

In gas-solid flow, the total pressure drop in Equation 2.18 is separated into air-only and
solids contributions: f is the air friction factor, and K is the pressure drop coefficient
(Bradley & Reed, 1990; Lee et al., 2004).
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APyotar = APair + APgopis (2.18)
Discrete calculation of pressure drop considers feeders, straight pipes, bends, cyclones, and
valves separately. Pressure drop for straight pipes is calculated as Equation 2.19: where Ky
Is the straight-pipe coefficient, Venyy is gas velocity at the inlet, AL is pipe length, D is pipe
diameter, and pgs IS suspension density (Pan & Wypych, 1992; Shamlou, 1988).

1 AL
Apst = E Kstpsusvezntry E (2.19)
Pressure drop for bends calculates as Equation 2.20, K, is the bend pressure drop
coefficient. The coefficient Ky is a function of (vemry)2 and is largely independent of pipe

size (Datta & Ratnayaka, 2003).

1
Apbends = E Kbpsusvjntry (2.20)

2.4. Total pressure drop

Total pressure drop is the sum of pressure drops for components: feeder, straight pipes,
bends, and cyclone separator. These form basic parts of the system, where each element
adds some unique value toward the overall pressure drop that will eventually affect the
efficiency and performance of the system. Contributions such as these towards pressure
drop must be clearly understood to enable optimum design and operation of pneumatic
conveying systems (Shijo & Behera, 2021b). The total pressure drop is calculated using the
following Equations 2.21 and 2.22:

AI:iotal = Apfeeder + Aphor + Apver + Apbend + Apcyclone (2'2 1)
1 1 AL 1 1
APtotal = E Kfpgvezntry + E Kstpsusvgntry E + E Kbpsusvezntry + E chgvezntry (222)

Friction losses in horizontal pipes depend on the diameter, velocity of material through the
pipe, and length of the pipe; vertical pipes will lose frictional resistance but will also be
subjected to gravity effects, which will further enhance the overall pressure drop. These
were the energy considerations that were needed to convey materials successfully within

the system (Freitas et al., 2019). Suspension density (psys) is calculated as Equation 2.23.
m, +m,
Psus = m (2.23)
Bends in the system create additional pressure losses due to sudden changes in flow
direction and the resulting turbulence. The cyclone separator also adds resistance,

influenced by airflow characteristics and separation efficiency. Together, these
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components enable a comprehensive evaluation of the system’s overall pressure drop,

performance, and energy consumption (Dutta et al., 2016; Fu et al., 2021).
2.5. Power Requirement

Power requirements in a pneumatic conveyor depend on the flow regime, material
properties, and system design. The flow regime, whether dilute-phase or dense-phase, is
the main factor, with dilute-phase conveying requiring higher power due to suspended
particles and increased pressure drop. Material properties such as particle size, shape,
density, and moisture content, along with particle-wall interactions, also influence power
demand. Proper system design and flow management can improve efficiency and reduce
energy consumption (Sharma & Mallick, 2021; Kilickan & Guner, 2010).

The power required for pneumatic conveying is calculated as the product of the airflow
rate and the system pressure drop. The actual blower power, adjusted for blower efficiency,
is determined using Equations 2.24 and 2.25 as follows:

P= Q ’ AI:)total (2.24)

. AP
I:)input = Q— (2.25)

blower

2.6. Recent Advances in research on pneumatic conveying characteristics of

materials

Traditional models were limited when dealing with complexities such as pressure drop and
flow regimes. Recent improvements brought about by machine learning extensions,
namely artificial neural networks, have accomplished much better prediction accuracy
characterized by low errors. In combination with computational fluid dynamics, hybrid
modeling further supports the design of more optimal and sustainable systems. The present
work underlines major machine learning, CFD, and hybrid model developments pertinent
to applications for real-time monitoring, erosion prediction, and energy efficiency (Ghode

etal., 2017).

Recent studies have increasingly applied machine learning methodologies for the modeling
of pneumatic conveyors, specifically artificial neural networks and Random Forests. ANNs
in the predictions of pressure drop, flow regimes, and particle behavior with very high
accuracy and low computational cost. For example, ANNs have successfully been applied

to dense phase conveying with error margins achieved within +10% (Kaur et al., 2017).
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Developments in CFD have enabled more accurate modeling of gas-solid flows in
pneumatic conveying. Improved turbulence models and particle tracking schemes were
available for dense and dilute-phase flows. Coupled CFD and DEM can also improve the
knowledge of the particle-particle interactions and particle wall interactions, and help to

predict wear erosion and flow instabilities (Xu & Scholar, 2023).

Due to their ability to enhance prediction accuracy and lower computational expenses,
hybrid models comprising elements of both machine learning and CFD were increasingly
attracting attention. Machine learning optimizes the parameters of CFD or predicts the
boundary conditions in this type of coupled model. Researchers have successfully applied
hybrid models to optimize the design of pneumatic conveying systems, yielding notable

increases in efficiency and performance (Liu et al., 2024).

Digital twin and IoT in pneumatic conveying system monitoring and control. A digital twin
is a virtual copy of a physical process, where sensor data from a system is used in a
prediction model to optimize the system or predict future failures. IoT sensors and machine
learning algorithms enable smart monitoring of machines and their operation in a
pneumatic conveying system, thus contributing to energy efficiency and minimizing

downtime and maintenance expenses (Daraba et al., 2024).

Numerous studies have been conducted to improve the modeling of dense phase
conveying, which is a highly heterogeneous flow. Significant improvements have been
made in the prediction of pressure drops and flow stability with dense phase conveying
through advances such as machine learning and CFD. Erosion and wear prediction models
have also been developed to aid material specification and design in the mining process

(Abe et al., 2023).

Researchers were dedicated to pneumatic conveying systems optimized in terms of energy
consumption and environmental impact. The use of machine learning models to reduce
power consumption and emissions is being explored, while CFD simulations assist in the

design of a more efficient conveying system (Gomes et al., 2021).
2.7. CFD models for pneumatic conveying systems

Computational Fluid Dynamics has proven to be an invaluable tool for investigating and
optimizing pneumatic conveying systems, offering enhanced insight into the complex

interactions between gas and solid phases. Pneumatic conveying is widely used in many

20



industries, from agriculture to food packaging, for the transportation of bulk materials

through pipes by air or other gases (Agnol et al., 2020).

The coupled equations for the gas and solid phases can be written as: the continuity
equation represents the principle of mass conservation. In a fluid flow system, the mass of
fluid entering a control volume must be equal to the mass of fluid leaving it, for no
accumulation or depletion to occur. Continuity equation for a single-phase flow for a fluid
only for a steady state, incompressible fluid (Ambrosio & Crippa, 2014). The continuity

equation in differential form is:

P .
8—’t’+v(pv)=o (2.26)

In incompressible flow (like low-speed air flows in many dilute-phase applications),

density (p) remains constant, simplifying the continuity equation to:

V-V =0 (2.27)
In Cartesian coordinates:

a_u+@+6_wzo (2.28)

ox 0y o0z

Continuity for two-phase flow for gas-solid flow in a two-phase system (like air and
particles), we account for both phases: Carrier phase (air): governed by continuity for
compressible/incompressible flow. Discrete phase (particles): mass conservation depends
on particle concentration and velocity relative to the fluid (Fu et al., 2021). The continuity

equations for each phase can be written as:

(a0,) ;
— Y (0., )=0 (2.29)
%W. (V,) =0 (2.30)

In pneumatic conveying, volume fraction a is small for the solids dilute phase, the particles
are far apart, and most of the space is occupied by air. The momentum equation is just
Newton’s second law of motion applied to flow. The rate of change of momentum of a
fluid particle is equal to the sum of the forces acting on it. The momentum equation for a
single-phase flow of an incompressible, Newtonian fluid, the Navier-Stokes equation, is:

p[%—\t/+v- WJ — Vp+ WV + p§ 2.31)
oV, - - . )
Py = E+Vg W, | =-Vp +,ugV2Vg +p,9+F, (2.32)
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E is represents the drag force exerted by the gas on the particles, a key factor in

int

pneumatic conveying, as it impacts the velocity and trajectory of particles.

CFD provides comprehensive insight into particle-fluid interactions and is essential for
modeling and simulating pneumatic conveying systems. The choice of modeling
methodology and coupling strategy depends on the complexity of the system and available
computational resources (Dou et al., 2023). CFD models generally adopt two main
approaches depending on flow conditions. The CFD-DPM (Eulerian-Lagrangian) model is
suitable for dilute systems, where particles are dispersed, and collisions are minimal,
whereas CFD-DEM is effective for predicting particle aggregation and collisions. Dense
Discrete Phase Models (DDPM) and Two-Fluid Models (TFM) perform well in medium-
to dense-phase flows, while hybrid models were applied to complex systems. These
models improve system design by predicting particle movement and solving practical
issues like wear and separation in applications including grain handling and mining (Singh
et al., 2023; Remy et al., 2009; Hashemisohi et al., 2019; Verma & Padding, 2020; Roberts
etal., 2022; Erken et al., 2024).

CFD-DPM simplifies collision management for low concentrations of solids and is
straightforward to implement, though it loses accuracy in dense-phase flows. CFD-DEM
combines Eulerian gas modeling with Lagrangian particle dynamics to accurately simulate
collisions and particle clustering, but it demands higher computational resources and is
challenging for larger systems. DDPM uses an Eulerian approach for gas and a continuum
method for solids to balance accuracy and efficiency, performing well in moderate
transitional flows but failing in fully dense or very dilute regimes (Agnol et al., 2020; Yang
et al., 2020; Cao et al., 2022).

TFM model couples the Eulerian approach with kinetic theory to handle dense-phase
collisions but cannot follow individual particles, limiting its accuracy in dilute flows.
Euler-Lagrange hybrid models combine both methods to capture complex transitional
flows, as seen in food and pharmaceutical applications, though it require precise
configuration and parameter tuning. The MMPIC model applies Eulerian methods for gas

and statistical parcels for solids, showing strength in dense-phase mining applications but
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limited precision in detailed particle interactions (Verma & Padding, 2020; Roberts et al.,
2022; Erken et al., 2024).

Generally, Euler-Lagrangian approaches track individual particles in a continuous fluid
and were ideal for low-density flows, while Euler-Euler methods treat both phases as
continuous, performing best for dense flows and large-scale system behavior. Coupling
strategies, such as two-way, four-way, and six-way interactions, determine how particle-
fluid and particle-particle interactions are handled. CFD-DPM is suitable for dilute flows,
CFD-DEM for dense collisions, and DDPM provides a hybrid solution for intermediate

conditions.

The DEM-CFD coupling allows the simulation of particle-fluid systems by managing
particle interactions at the computational cell level without high computational costs
(Lenaerts et al., 2013; Erken et al., 2024). This method enables detailed studies of particle
motion, collisions, and heat transfer, including non-spherical and cohesive particles, as
well as particle-wall interactions (Guzman et al., 2020). Traditional continuum approaches,
in contrast, use particle tracking without solving complex interaction equations,
maintaining computational efficiency even when particle size distribution or concentration

changes (Remy et al., 2009).

Erken et al. (2025) examined coarse-grained CFD-DEM strategies for horizontal plug-flow
pneumatic conveying. It was compared scaling methods for contact and drag forces and
identified settings that preserve flow accuracy while reducing computation time. The
findings help improve reliability and efficiency in dense-phase conveying simulations and
highlight the importance of model-scaling decisions.

Particle-fluid interactions were dominated by drag forces in dilute-phase flows, with other
forces such as pressure gradients, virtual mass, and lift often being negligible. Drag
correlations, such as those proposed by Schiller & Naumann (1933), Dalla (1948), and
Haider & Levenspiel (1989), were used to compute forces on both spherical and non-
spherical particles, taking into account particle sphericity and Reynolds number effects
(Zhou et al., 2019; Emam et al., 2021). CFD simulations employ Euler-Euler or Euler-
Lagrange frameworks to predict particle movement and system behavior accurately (Lia et
al., 2016).
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CFD-DPM is effective for dilute-phase flows with solid volume fractions below 10%,
ensuring air dominates the flow and particles are sparsely distributed. The model
accurately predicts particle trajectories and distributions, with simulations converging
based on scaled residuals (Agnol et al., 2020; Yang et al., 2020; Cao et al., 2022).

In high-speed pneumatic systems, Reynolds numbers were generally above 2300,
indicating turbulence, which must be accounted for in momentum and pressure predictions
(Huang et al., 2021). Turbulence models such as standard k-¢, RNG k-¢, k-0 SST, LES,
and DES improve accuracy. The standard k- model was efficient for basic dilute-phase
flows (Dutta, 2019), while RNG k-& enhances predictions in swirling or transitional flows
(Singh, Gill, et al., 2023). The k-o SST model captures near-wall effects and bends
effectively (Chebra et al., 2024), LES resolves unsteady complex flows with high accuracy
(Fredriksson, 1999), and DES provides a balance between precision and computational
efficiency (Singh et al., 2023).

CFD methods allow for detailed analysis and optimization of pneumatic conveying
systems. The selection of an appropriate model and turbulence method depends on particle
concentration, flow density, and computational resources. Accurate simulation of particle-
fluid interactions and turbulence is critical for designing efficient, reliable, and high-
performance pneumatic conveying systems (Dutta, 2019; Dou et al., 2023; Singh et al.,
2023; Erken et al., 2024).

Dikty (2025) experimentally investigated pressure behavior in pneumatic conveying
systems handling fine bulk solids. The study measured pressure fluctuations under
different gas velocities and solids loading and applied signal-analysis methods to link
fluctuation patterns with flow regime transitions. This work provides strong experimental
insight into unsteady flow characteristics and supports validation frameworks for

numerical pneumatic-conveying models.
2.8. ANN prediction model

Traditional modeling approaches struggle to accurately predict pneumatic conveying
system performance due to the complex properties of bulk materials. Machine learning
(ML) addresses this by analyzing large datasets to uncover patterns that improve prediction
accuracy, enabling real-time system optimization and control (Shijo & Behera, 2023).

Recent studies have demonstrated that ML enhances understanding of pneumatic

24



conveying features, including pressure drop, material velocity, and flow stability.
Techniques such as artificial neural networks (ANN), support vector machines, and
decision trees have successfully modeled systems that conventional methods cannot
handle, accommodating variations in material properties, flow conditions, and system

configurations (Vinuesa et al., 2023).

ANN models, for instance, employ different training algorithms such as Levenberg-
Marquardt, Scaled Conjugate Gradient, and Bayesian Regularization to optimize prediction
performance. These algorithms adjust network weights and biases through iterative
training, using activation functions to generate outputs. Levenberg-Marquardt is preferred
for larger datasets due to its balance of speed and accuracy, while Bayesian Regularization
enhances generalization by reducing overfitting, and Scaled Conjugate Gradient provides
computational efficiency (Alizadehdakhel et al., 2009; Lashkar et al., 2012).

ML applications improve pneumatic conveying system design and operation by predicting
performance, minimizing energy consumption, and optimizing material handling efficiency
(Shijo & Behera, 2021b). Predicting pressure drops in both dilute- and dense-phase flows
is a growing trend, as ML can capture complex interactions among particles, fluid, and
pipe surfaces, offering more reliable results than conventional approaches (Shadloo et al.,
2020; Shijo & Behera, 2023). Studies have applied ANN models to dense-phase pneumatic
conveying, showing deviations as low as 10%, and demonstrating improved accuracy in

larger datasets when using Levenberg-Marquardt (Shijo & Behera, 2021).

ML has also been applied beyond simple prediction. For instance, Lagrangian-based CFD
studies of cyclone separators paired with neural networks improved the prediction
accuracy of separation efficiency by 32.5% compared to conventional surrogate models
(Park & Go, 2020). Random Forest regression has been used in oil and gas systems to
predict particle erosion with high precision, simplifying complex modeling tasks (Zahedi et
al., 2018). Other studies applying ANN to multiphase vertical flows and cyclone separator
design have confirmed the superiority of ML in predicting pressure drops and optimizing

system performance (Osman et al., 2005; Elsayed & Lacor, 2012).

Machine learning has significantly enhanced the design, operation, and optimization of
pneumatic conveying systems. By accurately predicting pressure drops, improving cyclone
separator efficiency, and modeling particle erosion, ML provides a practical, high-
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precision alternative to conventional approaches, especially for dense-phase and complex
flow systems (Shadloo et al., 2020; Shijo & Behera, 2023).

2.9. Significance of hybrid CFD-ANN approach

The experimental results were employed to verify the CFD simulations for interrupted
plate fins, which confirmed the precision of the modeling. CFD simulations generated
enough relevant data that made additional experiments unnecessary for ANN model
training. The hybrid CFD-ANN approach generated superior results than traditional
methods because ANN models successfully predicted heat transfer together with flow
characteristics with high accuracy. The ANN approach validated by CFD produced
superior predictive abilities regarding system performance than traditional methods

(Beigzadeh et al., 2016).

The model uses a multi-fidelity Deep Neural Network structure to combine low- and high-
fidelity data for its loss function calculation. The transonic flow simulation of the ONERA
M6 wing demonstrates that the surface pressure distribution is predicted with high
accuracy by this model because it uses both high- and low-fidelity data while surpassing

predictions based solely on either type of data (Kou & Zhang, 2022).

The application of ANN with CFD-generated data for the Electronic Continuously Variable
Transmission system machine learning training yields superior outcomes than relying
solely on experimental information. Imaging reconstruction through CFD-ANN methods
achieved better accuracy at quicker speeds compared to reconstruction based only on
experimental data, which struggled with noise interference. Combining simulated data with
experimental knowledge produced the best outcome because it enabled the attainment of

superior results (Montilla et al., 2024).

Using both experimental results along with CFD-generated data for training the 12-9-5-2
feed-forward ANN architecture leads to superior accuracy for predicting heat transfer and
flow resistance in fin-and-tube heat exchangers. The implementation of experimental
combined with CFD-generated data improves the model's generalization capability to
enhance its effectiveness and versatility in heat exchanger performance insights (Tang et

al., 2016).

Wan et al. (2025) developed Trajectory Flow Net, a deep-learning model combining

Lagrangian particle data and Eulerian flow fields for efficient trajectory prediction.
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Validated using numerical and experimental flow data, the approach offered accurate
particle-motion forecasting at lower computational cost. Although not exclusive to
pneumatic conveying, it demonstrates the value of hybrid physics-ML methods in particle-

flow environments.
2.10. Application of pneumatic conveying system in bulk material handling

Pneumatic conveying systems operate as multiphase flow systems that transport materials
through gas-solid mixtures. The process relies on a high-velocity air stream that carries
solid particles such as grains and powders. The core behavior of pneumatic conveying
arises from the interaction between the gas and solid particles, allowing efficient bulk
material transport over short to moderate distances in a wide range of industries, including

agriculture, processing, and manufacturing.

As demonstrated in Figure 1.3, which illustrates various applications of pneumatic grain
conveyors, including (a) pneumatic seeder of Zubrilina et al. (2017), (b) pneumatic
chickpea harvester of Helali et al. (2023), (c) pneumatic grain cleaner of Fernando &
Hanna (2005), (d) pneumatic dryer of Chan et al. (2015), (e) pneumatic grain loader of El-
kholy & Kamel (2021), and (f) wheat milling plant of Brothers Flour and Biscuit Factory
in Adama, Ethiopia (2025). Row planting of teff can increase yields by 29.2 to 39.3%
compared to traditional broadcasting (Chekole et al., 2019).

(d)

Figure 2.3. Application of pneumatic grain conveyor in grain handling processes

Using pneumatic conveyors, grains receive gentle handling, which results in mechanical
damage rates below 5% for wheat and barley. The delicate treatment of grains during
transport is essential for preserving their market value as well as their quality (Gu, 2018).

According to Guner (2007) breakage rate for some agricultural seeds, such as wheat,
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barley, sunflower, and lentil, showed an increase in air velocity from 12.70 to 32.52 m/s.
Mechanical damage varied from 0.39%, 1.46%, 4.14%, and 8.26% to 0.96%, 3.60%,
10.17%, and 20.27%, respectively.

During pneumatic conveying operations, pulses show heightened vulnerability to
mechanical harm. Reported damage levels range between 15% and 30% and depend on
factors including pulse type and conveying velocities. The probability of damage increases
when materials move at increasing speeds because of the elevated risk of both impact and

abrasive contact (Kilickan & Giiner, 2010).

The handling of bulk agricultural materials, including grain processing and pneumatic
conveying systems faces severe danger from grain dust explosions. Specific conditions,
including ignition sources with adequate dust concentration along with oxygen availability,
can trigger highly combustible grain dust to ignite. Pneumatic conveying systems that
move grains through air-based transportation create an elevated risk of dust accumulation
(Alauddin et al., 2024).

Dust extraction systems play a critical role in minimizing the likelihood of grain dust
explosions that could occur in these installations. The installation of cyclone separators,
together with bag house filters and dust collectors, provides an effective method to
eliminate airborne dust particles from the conveyor system. The combination of regular
maintenance with proper connection sealing and controlled airflow velocity helps to
minimize dust generation and accumulation. The implementation of safety measures,
including explosion venting along with flame arrestors and continuous dust level
monitoring, leads to a significant decrease in explosion risks during pneumatic conveying

operations (Furlong et al., 2024).

The agricultural machine known as a pneumatic seeder utilizes air pressure to deliver seeds
evenly across agricultural fields. Precision agriculture relies on this equipment because it
achieves precise seed positioning and proper seed distribution alongside effective seed

usage (Liu et al., 2024).

A machine designed for harvesting jojoba seeds works efficiently by utilizing a drive
system, together with adjustable controls and a collection bin. The pneumatic grain dryer
functions through heated air and airflow to achieve uniform grain drying with its moisture

sensors and adjustable settings for different grain types. The method reduces damage and
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maximizes energy savings while providing a quicker alternative to standard drying

methods (Sarkis & Energia, 2025).

The virtual coffee bean model simulates key physical properties such as shape, size,
density, and moisture content. The roasting system includes heating and cooling units and
an air-circulation setup to control temperature and airflow for proper roasting. DEM
sensors capture temperature, pressure, and bean-environment interactions, while the CFD
model visualizes airflow inside the roaster to ensure even heat distribution and uniform

roasting (Hlosta et al., 2019).

Wheat flour millers use appropriate pneumatic conveyors to move wheat and flour
efficiently through their production stages. The system automatically moves materials
between production stages to maintain high levels of sanitation and safety while decreasing
contamination risks and enhancing operational efficiency throughout the milling process

(Paber et al., 2016).

Particle-particle and particle-wall collisions in DEM were treated using a soft-spheres
approach. In contrast, a hard-sphere modeling of particle-wall interactions was realized in
DPM. DEM was more accurate and physically correct for simulating bulk material
behavior, especially when particle-particle interactions were important(Singh et al., 2023).
DEM's ability to capture the complex behavior of particles, such as deformation, breakage,
and fragmentation, makes it an attractive choice for studying the transport of polyethylene

pellets in pneumatic conveyors (Lenaerts et al., 2013).

DPM's simplicity and efficiency make it an attractive choice for studying PC, especially
when dealing with large-scale systems or when a high degree of accuracy is not required
(Jorhal et al., 2021). The study provided a method for the rapid optimization design of the
pneumatic conveying system of the hybrid rice pollen collection unit, and the results could
provide a reference for the optimization design of the pneumatic conveying system of the

hybrid rice pollen collection unit (Xiao et al., 2019).

Gas-solid flow systems require pneumatic conveying systems as an essential component.
The research on particles larger than 5 mm remains limited, even though the scientific
investigation has extensively covered particles smaller than 5 mm. The simulation results
of horizontal coal particle transport using Euler-Lagrange and DPM methods demonstrated
accurate trajectory predictions, which confirmed the practicality of the approach. Through

29



multifactor simulations, scientists analyzed particle dimensions together with flow speed,
solid-gas concentration, and pipe size to identify wall abrasion effects, which would

improve large-particle system design (Yang et al., 2020).

A DEM and DPM model was implemented to simulate polyethylene pellet horizontal
pneumatic transport through numerical analysis. Two versions of FLUENT DPM were
tested against each other: the standard built-in version and a customized version that
included hard-sphere particle interactions. The DEM analysis demonstrated close
agreement with airflow patterns, whereas DPM simulations achieved satisfactory results
under conditions of dilute flows (< 0.1). Changes in flow patterns occurred through the
addition of particle interactions to DPM, which led to decreased formation of non-physical
suspended clouds. The DPM model demonstrated numerical divergence when particle

volume fractions exceeded 0.101 (Mezhericher et al., 2011).

According to Atzeni et al. (2021) discrete phase model (DPM) was used to investigate
complex particle dynamics in human respiratory investigations while analyzing sedentary
breathing patterns. The method enables researchers to study airflow behavior along with
particle distribution and deposition patterns inside the respiratory passage by considering
multiple variables, including airway structure, breathing frequency, and particle
dimensions. Through DPM integration, researchers obtain knowledge on the lung behavior
of aerosols and pollutants, and medical aerosols, which benefits the creation of drug

delivery devices, inhalation treatments, and environmental air quality monitoring systems.
2.11. Summary

Teff grain has been widely recognized for its unique characteristics compared to other
cereal grains, primarily due to its extremely small particle size. Different studies have
highlighted that the fine nature of teff complicates handling, storage, and transportation,
often resulting in significant postharvest losses. Despite its increasing global importance,
research on optimized handling technologies for teff remains limited, indicating a critical
gap in postharvest management. Therefore, it is important to develop tailored handling
methods that can substantially enhance production efficiency, postharvest management,

and improve industrial applications of teff grain.

Several researchers have focused on the role of aerodynamic properties, particularly

terminal velocity, in the design of postharvest handling systems for cereal grains. Terminal
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velocity provides an estimate of the air velocity required to suspend a particle in a fluid,
which is fundamental for pneumatic transport, cleaning, and drying operations. However,
terminal velocity calculations typically consider single, isolated particles and do not
account for particle-particle interactions in concentrated flows. Consequently, while
terminal velocity provides initial guidance, it is insufficient for accurately predicting the

flow behavior of particle-laden flows in pneumatic conveyors.

In the design of pneumatic conveying systems, numerical and experimental studies have
emphasized the importance of minimum conveying velocity, also known as saltation
velocity. Unlike terminal velocity, saltation velocity accounts for key factors such as
particle concentration, solid loading ratio, particle size and density, pipe diameter, and flow
conditions. Studies show that using saltation velocity provides a more realistic estimate of
the air velocity needed to initiate and maintain particle transport, ensuring reliable and

efficient operation of pneumatic conveying systems under varying conditions.

Theoretical modeling of bulk agricultural materials presents additional challenges.
Agricultural grains often exhibit irregular shapes, variable sizes, and heterogeneous
properties, making analytical solutions difficult to apply. Several studies emphasize that
accurately determining material-specific parameters, such as the solid friction coefficient,
is critical for predicting particle-particle and particle-wall interactions. The uncertainties
associated with these parameters limit the reliability and practical applicability of purely

theoretical approaches for pneumatic conveying systems.

Empirical modeling based on laboratory experiments has historically been used to predict
the behavior of pneumatic conveyors. However, recent literature highlights several
limitations of empirical approaches, including restricted data availability, high
experimental costs, labor-intensive procedures, and limited flexibility for different
operating scenarios. These constraints reduce the generalizability and predictive capability

of empirical models, limiting their application in full-scale industrial systems.

Numerical simulation, particularly CFD-DPM, has emerged as a reliable and cost-effective
method for studying dispersed particle flows in dilute-phase pneumatic conveying. Recent
numerical studies have shown that the standard k-¢ turbulence model effectively captures
basic dilute-phase flow behavior in straight pipes, while the RNG k-¢ model improves
prediction accuracy in swirling, transitional, or cyclone separator flows. CFD-DPM
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provides detailed visualization of velocity fields, particle trajectories, and pressure
distributions, offering insights that were often difficult or costly to obtain through

experiments alone.

Artificial Intelligence-based models, particularly those employing Artificial Neural
Networks, have been increasingly applied in recent studies for predicting key parameters in
pneumatic conveying systems. Literature indicates that Al-based models achieve higher
accuracy, adaptability, and computational efficiency than traditional empirical or
theoretical methods, making them suitable for complex particle-fluid systems under

varying operational conditions.

Recent studies collectively highlight that integrating experimental data, numerical
simulations, and Al-based modeling offers a powerful hybrid approach for understanding
and optimizing pneumatic conveying systems. This methodology allows researchers to
capture complex fluid-particle interactions while providing robust, high-accuracy
predictions. Such integrated approaches enable the development of scalable, cost-effective

solutions, minimizing losses and improving overall postharvest efficiency.
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CHAPTER THREE

MATERIALS AND METHODS

3.1. Description of the study area

The study was conducted at Adama Science and Technology University, using laboratories
from the Mechanical, Chemical, Materials Engineering, and Applied Biology departments.
The university is located in Adama City at 8.54°N 39.27°E at an elevation of 1712 meters,
99 km southeast of Addis Ababa in the East Showa Zone of Oromia. Adama lies within the
Main Ethiopian Rift and Awash River Watershed, with elevations ranging from 1489 to
1976 meters and terrain characterized by flatlands bordered by plateaus and mountains
(Leta et al., 2024).

3.2. Materials

3.2.1. Teff grain

Eight varieties of teff grain were selected for this study based on distinct characteristics
such as varieties, color, and year of release. These varieties include Boset (DZ-Cr-409),
Kora (DZ-Cr-438RI1L133B), Dagim (DZ-Cr-438RIL91A), Felagot (DZ-Cr-442RIL77C),
Bora (DZ-Cr-453R1L120B), Ebba (DZ-Cr-458RIL18), Bishoftu (DZ-Cr-497 RIL133), and
Boni (DZ-Cr-498RIL37) as shown in Figure 3.1. Samples were sourced from DZARC
under EIAR’s national teff improvement program. To ensure consistency, samples were

sorted and stored at room temperature before testing.

Figure 3.1. Different varieties of teff grain
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3.2.2. Measuring instruments and apparatus used for laboratory tests

These included a laboratory oven for moisture content measurements, an electronic balance
for accurate mass measurements, and scanning electron microscopy for particle size and
sphericity measurements. A CEL-MKII fluidized bed test apparatus is used to determine
gas fluidization characteristics of the teff grain, which is critical for the selection of the
phase of pneumatic conveying. Air velocity and pressure drop recording sensors, such as
digital anemometers and manometers, were installed to monitor air velocity and pressure
variations within the system, and a manometer was linked to the pipeline through hoses
and connectors. All those instruments and apparatus collectively enabled a detailed
investigation of the characteristics of teff grain in a positive-pressure dilute-phase

pneumatic teff grain conveying system.
3.2.3. Electronic balance

Electronic balance scales ranged from 0 to 3 kg with an accuracy of 0.1 g, and scales
ranging from 0 to 2509 with an accuracy of 0.01mg were used for weighing grain samples.
This instrument provides accurate grain mass measurements, which were crucial for

determining grain mass, moisture content, and densities.
3.2.4. Laboratory oven

A laboratory oven is used to measure moisture content at a controlled temperature,
typically between 100°C and 105°C. The procedure involves weighing each sample before
and after drying for a specified period according to ASAE Standard S352.3 (ASAE, 1994).
The weight loss, calculated as the difference between the initial and final mass of teff grain
and the moisture content, is expressed as a percentage of the original mass.

3.2.5. Sieve shaker

A sieve shaker (mechanical) was used to determine the particle size distribution of the teff
grain through sieve analysis, featuring a set of five test sieves, each with a diameter of 200

mm with mesh sizes of 2 mm, 1 mm, 710 um, 500 pum, and 355 pum.
3.2.6. Scanning electron microscopy

SEM was employed to examine the physical and structural characteristics of teff grain.
Operating at magnifications ranging from X10 to X500,000 and accelerating voltages

between 1 kV and 30 kV, the SEM provided high-resolution images that enabled precise
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analysis of grain size distribution and shape. The teff varieties analyzed for this
characterization were Felagot (DZ-Cr-442RIL77C), Bishoftu (DZ-Cr-497RIL133), and
Boni (DZ-Cr-498RIL37), which were selected according to their distinct characteristics,
such as variety, color, and year of release. SEM analysis was conducted in the
Microbiology Laboratory, Department of Applied Biology, School of Applied Science at
Adama Science and Technology University.

3.2.7. Angle of repose tester

The angle of repose of teff grain was measured using a specialized instrument known as an
angle of repose tester, also referred to as a repose angle measuring device. This device
assesses the maximum angle at which the teff grain can be heaped without slumping,
providing valuable information about its flowability and cohesion. The measurement
involves allowing the grain to form a cone-shaped pile, and the angle between the slope of
the pile and the horizontal base was recorded as the angle of repose (Abebaw & Abera,
2020). The laboratory test was conducted at the Chemical Engineering Department

Laboratory of Adama Science and Technology University.
3.2.8. CEL-MKII fluidized bed test apparatus

The Armfield CEL-MKII fluidized bed test apparatus was used to investigate gas
fluidization characteristics of teff grain, with a particular focus on determining the
minimum fluidization velocity and pressure drop through the bed. This versatile apparatus
was designed to analyze fluid-particle interactions. The teff grain varieties used in this
study, Felagot (DZ-Cr-442RIL77C) and Boset (DZ-Cr-409) were selected depending on
their distinct size and color. The experimental work was conducted at the Chemical

Engineering Department Laboratory of Adama Science and Technology University.
3.2.9. Air velocity measurement sensor

The GM-816 professional digital anemometer was used to measure air velocity at the inlet
of pneumatic conveying systems. This instrument accurately gauged air velocity with a
resolution of 0.1 m/s. It could measure air velocity up to 30 m/s, with an accuracy margin

of £5%. It facilitated effective material transport and maximized energy efficiency.
3.2.10. Pressure measurement sensor

A Man-45 professional digital manometer was used to track pressure difference in the

system with an impressive measurement accuracy of 0.01 kPa. This instrument was
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compatible with both single and dual-pipe differential pressure setups. In contrast to
conventional mechanical manometers, it provided enhanced precision, suitability, and
portability. It came equipped with a sizable, illuminated dual LCD screen, a zeroing
feature, the choice to turn off auto power-off, offset correction capabilities, and data

compensation functions, all designed to enhance measurement accuracy.
3.2.11. Hose and Connector

Hoses and connectors were used to create a link between the manometer and the system.
The hoses and connectors with an 8mm inner diameter facilitated a stable connection,
minimizing the risk of leaks and ensuring reliable data collection for pressure drop
measurements across different sections of the system.

3.2.12. Statistical analysis tools

Statistical analysis was performed utilizing IBM SPSS Statistics 22 and Microsoft Excel
version 10. This software enables statistical analysis, including descriptive statistics,
ANOVA, significance testing, and regression analysis. It was an aid to deriving

meaningful insights for results from findings.
3.2.13. Computational tools

Computational simulations were conducted using Rocky DEM to model the terminal
velocity of cereal grains. ANSYS 2024R1 and ANSYS 17.2 were employed for 3D
modeling, mesh generation, and system simulation. ANSYS Fluent facilitated detailed
analysis of air velocity distribution, particle concentration, and pressure variations across
different sections of the system, providing deeper insights into its operational
characteristics.

3.2.14. Data processing and visualization tool

OriginPro 2024b was used for curve fitting and graph creation. It has advanced features
that help to present the findings clearly and effectively, allowing for a visual representation

of results and supporting the interpretation of the data.
3.2.15. ANN modeling tool

MATLAB 2019Ra with neural network toolbox (nntool) was employed to develop the
predictive model for pressure drop. This software facilitated the design, training,
validation, testing, and simulation of neural network-based prediction models, ensuring

reliable predictions based on combined experimental and CFD-DPM simulation results.
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3.3. Methods for determination of engineering property and design of system

Collected teff grain samples were cleaned, sorted, and properly stored to preserve quality
and moisture content. These samples were used for laboratory experiments to determine
physical, frictional, and aerodynamic properties using appropriate instruments and
computational tools. Tests included moisture content, particle size distribution, bulk
density, angle of repose, frictional properties, as well as aerodynamic behavior such as
terminal velocity, gas fluidization characteristics, and minimum conveying velocity. Each

measurement was performed in replicates to ensure accuracy and reproducibility.
3.3.1. Moisture content

The moisture content of teff grains was determined using the oven-drying method
following ASAE Standard S352.3 (ASAE, 1994) and the procedure described by Abewa et
al. (2019). Approximately 10 g of the grain sample was weighed and placed in a hot-air
oven at 105 °C for 24 hours. After drying, the samples were cooled in a covered container
to room temperature and reweighed. Moisture content was calculated as the percentage
weight loss. Each measurement was performed in triplicate, and the average value was

reported.
3.3.2. Particle mean diameter

The dimensions of each teff grain length, width, and thickness in (mm) were measured
using a scanning electron microscope (SEM). The SEM produced a 2D image, which
allowed length and width to be determined directly, while the thickness was estimated
based on the results of Abera (2020) and Awgichew (2019). From these measurements, the
geometric and arithmetic mean diameters of the grains were calculated following the
approach described by Klavins et al. (2016). All measurements were performed in

triplicate to ensure accuracy and reproducibility.
3.3.3. Particle size distribution

The particle size distribution of teff grains was determined by sieve analysis using a set of
five test sieves with a diameter of 200 mm and mesh sizes of 2 mm, 1 mm, 710 um, 500
pm, and 355 pum. The procedure was carried out following the guidelines provided in
ASTM D6913. All measurements were performed in triplicate to ensure accuracy and

reproducibility.
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3.3.4. Mass and density

The bulk density of teff grains was determined by filling a 250 ml graduated cylinder with
a known mass of grain without compacting the sample. The mass was measured using a
digital balance, and the volume was read directly from the cylinder. True density was
measured using the liquid displacement method with toluene as the displacement liquid; a
known mass of grains was carefully submerged in a graduated cylinder containing toluene,
and the displaced liquid volume was recorded. Porosity and voidage were then calculated
from the measured bulk and true densities using standard methods. All measurements were

performed in replicates to ensure accuracy and reproducibility (Tsegaye and Abera, 2020).
3.3.5. Frictional property

The frictional property of teff grains was expressed by the angle of repose, which indicates
how the material flows and feeds from the feeder hopper into the pneumatic conveying
system. The angle of repose was measured using a specialized instrument called an angle
of repose tester, which determines the maximum angle at which the teff grain can be
heaped without slumping, providing information about its flowability and cohesion. The
measurement involved allowing the grains to form a cone-shaped pile, and the angle
between the slope of the pile and the horizontal base was recorded as the angle of repose
(Abebaw & Abera, 2020; Sonawane et al., 2022). All measurements were performed in

replicates to ensure accuracy and reproducibility.
3.3.6. Terminal velocity

The aerodynamic properties of teff grains, including drag coefficient, drag force, and
terminal velocity, significantly influence airflow interaction, affecting blower air flow rate,
transport velocity, and separator efficiency in pneumatic conveying systems. Terminal
velocity occurs when gravitational and drag forces are balanced and depends on grain
mass, size, shape, and air density, reflecting airflow resistance under flow conditions.

Terminal velocity was calculated according to Equation 2.2 (Zewdu, 2007a).
3.3.7. Gas fluidization characteristics of teff grain

The pneumatic conveying and drying of bulk materials depend largely on bulk properties
that govern material-air interactions, such as fluidization, air retention, and permeability.
Fluidization tests were conducted to assess the behavior and suitability of teff grains in a
dense-phase pneumatic conveyor. Laboratory experiments were performed to determine

the minimum fluidization velocity and the maximum bed pressure drop, with calculations
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supported by the Carman-Kozeny equation. The minimum fluidization velocity was
calculated for a particle mean diameter of 0.70 mm, an initial bed height of 0.3 m, and a
bed diameter of 0.05 m according to Equation 2.6. Each measurement was performed in

replicates to ensure accuracy and reproducibility.
3.3.8. Design of positive-pressure dilute-phase pneumatic conveying system

The design of a positive-pressure dilute-phase pneumatic conveying system involves
several critical steps to ensure efficient and reliable transport of teff grains. First,
appropriate pipe diameter and blower capacities were selected based on the material
properties and required conveying rate. The feeder and cyclone separator were designed to
match the flow characteristics of the grains, minimizing blockages and material losses. The
minimum conveying velocity was determined to ensure particles remain suspended in the
airflow, preventing settling within the pipeline. In addition, construction guidelines were
established to provide practical specifications for the system layout, including pipe routing,
joints, and supports, to maintain structural integrity and operational safety. Each design
step was guided by both theoretical calculations and empirical data from laboratory tests

on teff grain properties, ensuring the system could be reliably scaled and implemented.
3.3.9. Pipe selection

According to Wang et al. (2023), standard pipe sizes for pneumatic conveyors typically
range from 40 mm to 200 mm in diameter. For this study, the selected pipes included a 50
mm rigid PVC pipe with an outer diameter of 50 mm, an inner diameter of 46 mm, a wall
thickness of 2 mm, and a working pressure of 5.89 bar, colored grey. Additionally, a 75
mm rigid PVC pipe with an outer diameter of 75 mm, inner diameter of 71 mm, wall
thickness of 2 mm, and a working pressure of 5.89 bar, also colored grey, was used for
the experimental investigation of pressure drop through a section of the system

components, as shown in Figure 3.4.
3.3.10. Blower selection

The selection of a blower for the positive-pressure dilute-phase pneumatic conveying
system was based on the minimum conveying air velocity and the selected pipe diameter.
In dilute-phase pneumatic conveyors, the minimum conveying air velocity typically
ranges between 10 m/s and 30 m/s, ensuring that particles remain effectively suspended
in the airflow, creating a lean flow suitable for long-distance conveying (Barrozo et al.,
2010). For this study, a centrifugal blower (CZT-4 model) was selected. The blower
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specifications were as follows: operating voltage 380 V, rotation speed 2800 r/min,
airflow rate 19 m3/min, wind pressure 1080 Pa, current 1.75 A, and power consumption
1100 W, as shown in Figure 3.4. These parameters were chosen to provide sufficient air
velocity and pressure to maintain the required dilute-phase transport of teff grains while

matching the pipe diameter and conveying distance.
3.3.11. Design of rotary feeder

A rotary feeder was commonly employed in a dilute-phase positive-pressure pneumatic
conveyor to maintain a continuous material flow. The flow rate of bulk material from a
hopper depends on several factors, including the hopper discharge rate, outlet diameter,
material bulk density, internal friction, wall friction, and hopper inclination (Gandia et al.,
2022). The flow rate of teff grains from the hopper to the pneumatic conveyor through
the rotary feeder can be determined using the methods and equations provided, as shown

in Equation 2.9 and Figure 2.10.

Material
Feed

\ T ~ Air and
Material

Figure 3.2. Rotary feeder
3.3.12. Cyclone separator

The Lapple model was commonly used due to its simplicity in design and construction. It
efficiently determines separator dimensions and performance, taking into account factors
such as particle size and air velocity to ensure effective material separation and

optimization of system performance.

The cyclone used in this study was a non-commercial unit specifically fabricated for
laboratory testing. Industrial-grade cyclones were typically made from durable materials
such as stainless steel or coated carbon steel to ensure abrasion and corrosion resistance.
However, for this study, the cyclone was constructed from high-density polyethylene a
hard plastic material manufactured in the departmental workshop. The primary reasons for

selecting plastic were cost efficiency, ease of fabrication, and suitability for small-scale
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laboratory applications. The calculations based on the Lapple model was presented in
Table 3.1, and the corresponding separator design was illustrated in Figure 3.3.

De
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Figure 3.3. Cyclone separator

Table 3.1. Lapple model cyclone separator dimensions

Cyclone separator dimensions(mm)

Dimensions Ratio  For inlet width (W)
D=46mm D=71lmm

Diameter of cyclone body (barrel) D AW 184 284
Length of the body Ly 2D 368 568
Length of the cone L. 2D 368 568
Height of the inlet H D/2 92 142
Diameter of gas Exit De D/2 92 142
Diameter of the dust outlet Dy D/4 46 71
Length of the vortex finder S 0.625D 115 178
Total length of the cyclone Lp+Lc 4D 736 960

3.3.13. Minimum conveying velocity

Minimum conveying velocity, also known as the saltation velocity was the velocity at
which particles begin to transition from a suspended state to a settling state, where it was
intermittently lifted and then fall back into the flow. It was calculated using the particle
mean diameter, solid loading ratio, and pipe diameter, based on the Rizk equation as

shown in Equation 2.11.

The conveying velocity was set at 1.5 times the saltation velocity to maintain particle
suspension and efficient transport (Xu et al., 2023). The maximum solid loading ratio in a
pneumatic conveying system was the ratio of material to air mass flow rates was typically
up to 15:1 for effective transport and stable flow, 2:1 to 5:1 was commonly used
(Guzman et al., 2020).
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3.4. Methods for investigation of pressure drop in the system

The pressure drop in the positive-pressure dilute-phase pneumatic conveying system was
investigated using both experimental measurements and CFD-DPM simulations. In the
experimental setup, pressure sensors were installed at key points along the pipeline to
record the pressure drop under varying air velocities and material flow rates.
Measurements were repeated in replicates to ensure accuracy and reproducibility. The
experimental procedures followed established testing protocols to maintain consistency

and reliability.

For the CFD-DPM simulations, the system geometry, boundary conditions, and material
properties were defined based on the physical setup. Air was modeled as a continuous
phase, and teff grains were modeled as discrete particles. The simulations provided
detailed insights into flow patterns, particle trajectories, and local pressure variations,
complementing the experimental data. Both approaches were used together to validate

results and ensure that the measured pressure drops accurately reflected the real system.
3.4.1. Experimental design

A full factorial design was used to investigate the effects of air velocity, material flow rate,
pipe diameter, and pipe length on the pressure drop of a pneumatic teff grain conveyor. Six
Air velocities (12-28 m/s), twelve flow rates (0.009-0.28kg/s), selected flow rates of 0.009,
0.03, 0.044, 0.067, 0.08, and 0.1 kg/s were chosen to represent this practical operating
range. Teff seeding typically requires 25-50 kg per hectare, corresponding to the lower
flow range (0.009-0.044 kg/s), while small-scale local teff milling machines operate
between 3-5 quintals per hour (0.083-0.139 kg/s), aligning with the upper range. These
values were fixed to capture realistic field and processing conditions suitable for both

experimental investigation and CFD-DPM simulation.

Three pipe diameters (46mm, 71mm, 102 mm) and five pipe lengths (2m, 3m, 4m, 5m, and
6m) were tested in various combinations through both laboratory experiments and CFD-
DPM simulations. This design is expected to produce 3,150 data records, with 36.76%
from experiments and 63.24% from CFD-DPM simulations, including bend layouts and
factorial design for the cyclone separator. The summary of the factorial design for
collected data across feeders, straight pipes, and bends was shown in Table 3.2.
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Table 3.2. Summarized factorial design

Independent variables

D [46mm], L[2m, 4m, 6m] D [71mm], L[2m, 83m, 4m, 5m,6m] D[102mm], L[2m,3m, 4m,5m, 6m]
my(kg/s) v(m/s) my(Kg/s) v(m/s) my(kg/s) v(m/s)
0.009 12, 16, 18, 22, 25,28 0.009 12, 16, 18, 22, 25,28 | 0.009 12, 16, 18, 22, 25,28
0.03 12, 16, 18, 22, 25,28 0.03 12, 16, 18,22, 25,28 | 0.03 12, 16, 18, 22, 25,28
0.044 12, 16, 18, 22, 25,28 0.044 12, 16, 18,22, 25,28 | 0.044 12, 16, 18, 22, 25,28
0.067 18, 22, 25,28 0.067 12, 16, 18, 22, 25,28 | 0.067 12, 16, 18, 22, 25,28
0.084 22, 25,28 0.084 12, 16, 18, 22, 25,28 | 0.084 12, 16, 18, 22, 25,28
0.1 25,28 0.1 12,16, 18,22,25228 | 0.1 12, 16, 18, 22, 25,28
0.13 18,22,25, 28 0.13 12, 16, 18, 22, 25,28

0.16 18,22,25, 28 0.16 12, 16, 18, 22, 25,28

0.19 22,25,28 0.19 12, 16, 18, 22, 25,28

0.22 25, 28 0.22 12, 16, 18, 22, 25,28

0.25 28 0.25 16,18,22,25,28

| 0.28 16,18,22,25,28

| Laboratory test | | CFD-DPM Simulation

3.4.2. Sample preparation

Three teff grain varieties, Felagot (DZ-Cr-442 RIL77C), Bishoftu (DZ-Cr-497 RIL133),
and Boni (DZ-Cr-498 RIL37) were selected for laboratory testing based on their mean
grain diameters, representing small, medium, and large sizes, respectively. Felagot, d, =
0.67 mm; Boni, dy = 0.70; and Bishoftu, d, =0.72 mm. The samples were sourced from
DZARC and stored at room temperature without any additional drying or wetting to
maintain consistency in their physical properties, and selected varieties were mixed to
incorporate the variability between varieties.

In pneumatic conveying, controlling relative humidity was essential to prevent material
clumping, blockages, and quality degradation, particularly for moisture-sensitive grains. In
this study, relative humidity was not actively controlled, and experiments were conducted
under ambient laboratory conditions, which represent typical handling environments.

3.4.3. Experimental setup

Selected pipe size and blower, designed rotary feeder, and cyclone separator were
manufactured and constructed. Installed the blower connected to the power source. The
blower outlet was connected to the feeder inlet, the feeder outlet was connected to
pipelines, and the cyclone separator was installed at the end of the pipeline to separate air
and teff grain. As shown in Figure 3.4 (a), CZT-4 Blower; Figure 3.4 (b) 50 mm and 75
mm pipelines, Figure 3.4 (c) 90° bend, and Figure 3.4 (d) cyclone separator with 150 mm,
180 mm, and 200 mm cyclone separators. The system was configured in a closed-loop

setup to facilitate multiple measurements with the optimum amount of teff grain.
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Figure 3.4. Major components in the system

Pressure drop data were recorded using an MA-45 digital manometer connected via hoses
and connectors to measure at points P; (point one) and P, (point two). The pressure drop

was calculated as the difference in pressure between these two points.

Man-45 Manometer

@h

Connector

«- —
(a)

Figure 3.5. Set-up for pressure drop measurement

- Manometer (7.
- "

Figure 3.5 shows the setup for pressure drop measurement: (a) Man-45 digital manometer
installation procedure and (b) digital manometer installation procedure (Holdpeak et al.,
2023).

To ensure continuous and precise feeding of the system, the feeding mechanism was
designed to maintain a steady and controlled material supply. It incorporated a DC motor
speed controller operating within a voltage range of 5V to 28V, enabling precise speed
adjustments. Additionally, a gear motor with a rated voltage of 24V DC and a rated speed
of 120 RPM drove the feeding mechanism, allowing for effective regulation of the material
flow rate. The construction and assembly of the feeding system were illustrated in Figure
3.6.
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Figure 3.6. Feeding system

3.4.4. Flow rate measurement

Air velocity at the system inlet was recorded using a GM-816 professional digital
anemometer. The device captured the airflow velocity with precision, providing essential
data for analyzing the pneumatic conveying system performance as illustrated in Figure
3.7.

GM-816 Anemometer

(b)

Figure 3.7. Inlet air velocity measuring setup

(a)

Figure 3.7 shows the inlet air velocity measuring setup (a), the Inlet air velocity
measurement setup using GM-816 digital anemometer (b), measuring airflow rate, air

velocity, and installation procedure (Glenn & Frazee, 2021).
3.4.5. Experimental setup for feeder

The pressure drop across the feeder in a pneumatic conveying system was a critical
parameter that influences the overall efficiency and performance of the system. In this
context, the feeder introduces teff grain into the conveying line, and its design, operating
conditions, and interaction with airflow play a significant role in determining the pressure

drops.
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Figure 3.8. Experimental setup for measurement of pressure drop due to feeder

An experimental setup was developed, consisting of the following components: (1) a
blower, (2) a valve to control the airflow, (3) a hopper to store teff grain, (4) a rotary feeder
to feed the grain, (5) a material inlet, (6) a speed controller to adjust the flow rate, (7) a
digital manometer to measure the pressure drop across the feeder, (8) a cyclone separator
to separate the grain, (9) an air filter to filter the air, (10) a collector to collect the material,
and (11 and 12) flexible hoses to connect the system to a manometer for pressure
measurements. This setup enables the analysis of feeder-induced pressure losses, as shown
in Figure 3.8.

3.4.6. Experimental setup for cyclone separator

In a positive-pressure dilute-phase pneumatic conveying system, the cyclone separator uses
swirling air to separate teff grain from the air stream, with denser particles falling to the
bottom and clean air exiting the top. This process causes a pressure drop, measured using a
Man-45 digital manometer at the cyclone's inlet and outlet, indicating energy losses from

airflow resistance and particle separation.
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Figure 3.9. Experimental setup for measurement of pressure drop due to CS
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In the positive-pressure dilute-phase pneumatic conveying system, the setup consists of the
following components: (1) a blower to initiate airflow, (2) pipes to transport a mixture of
air and teff grain, (3) a hopper to store the grain, (4) and (5) hoses, (9) and (10) connector
to connect measuring instrument to pipe, (6) a dust collector to capture fine particles, (16)
grain collector, (7) a cyclone separator that uses swirling air to separate particles, (8) a
digital manometer to measure pressure loss at the inlet and outlet, (11) a rotary feeder to
control material feed, (12) a power source to drive the system, (13) a container to collect
teff grains, (15) an outlet pipe for air discharge, and (17) clean air. The setup is supported
by structural elements (14), (18), and (19), which ensure system stability and precise
pressure measurements. This arrangement provides insights into energy losses and

separation efficiency, as highlighted in Figure 3.9.
3.4.7. Experimental setup for horizontal pipe

Measuring the pressure drop across the horizontal pipeline in a pneumatic conveying
system for teff grain was key to understanding system performance. A Man-45 digital
manometer was used to record pressure drop between a 2m pipe length, a source of data

for numerical validation, modeling, and performance evaluation.
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Figure 3.10. Experimental setup for measurement of pressure drop due to HP

Pressure drop across the horizontal pipeline was crucial for evaluating the performance and
efficiency of a pneumatic conveying system for teff grain. The system includes the
following components: (1) a blower, (2) a rotary feeder, (3) an airflow control valve, (4) a
pipeline, (5) a material flow control device, (6) hopper, (7) material inlet, (8) and (9) hoses
connected to (10) a Man-45 manometer to measure the pressure drop across pipeline
section, (11) an air filter to clean the air, (12) a cyclone separator to separate the grain, and
(13) a material collector to collect the separate air and teff grain. Pressure measurement
points (P1, P2, P3, and P4) were used to determine the pressure drop, as shown in Figure
3.10.
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3.4.8. Experimental setup for vertical pipe and 90° bends

In a positive-pressure dilute-phase pneumatic conveying system, the pressure drop in the
vertical pipeline results from airflow resistance and gravity, as additional force was needed
to lift the grain. A Man-45 digital manometer was installed at various points to measure
pressure variation. Pressure loss was a key to system performance and design optimization.
Bends in the pipeline introduce further resistance, causing turbulence and particle
collisions, which increase the pressure drop. To quantify this, a Man-45 manometer
measured the pressure drop at the bend's inlet and outlet, with the difference indicating

energy loss.

L=300mm

P3¢

Figure 3.11. Set up for measurement of pressure drop due to VP and bends

In a positive-pressure dilute-phase pneumatic conveying system, pressure drops in vertical
pipelines and bends were key to evaluating performance. The system includes (1) a blower
for airflow, regulated by (2) an airflow control valve, and (4) a hopper for grain
introduction, with flow controlled by (3) a material flow controller or rotary feeder.
Vertical pipelines require extra pressure to lift grains, increasing the pressure drop,
measured by (5) a digital manometer between various vertical points: P2, P3, P4, and P5.
Bends, especially 90° elbows, add resistance due to turbulence and collisions, with
pressure drops measured between inlet and outlet points: P1, P2. (6) A vertical pipe, (7) a
cyclone separator, and (8) flexible hoses were also part of the system, as illustrated in
Figure 3.11.
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3.4.9. Experimental setup for full system

To evaluate the overall performance of the pneumatic conveying system, it was essential to
determine the total pipeline length and corresponding pressure losses across all major
components. This includes the straight sections and the equivalent lengths of bends, which
directly affect system design and energy efficiency. A detailed illustration of the complete

laboratory set-up used for the experimental investigation was shown in APPENDIX A.
P4

iS

Figure 3.12. The profile of pneumatic teff grain conveying system

The total pipeline length in the pneumatic conveying system was calculated by summing
the horizontal pipeline, 18 m, the vertical pipeline, 3 m, and the equivalent lengths of four
90° bends, 1.73 m or 2.67 m. This gives total lengths of 22.73 m (18 + 3 + 1.73) and 23.67
m (18 + 3 + 2.67). The system configuration includes pipe lengths; L of 22.73 m and 23.67
m, internal bores; D of 46 mm and 71 mm, and four 90° bends with an R/D ratio of 6.
Pressure transducers at (P1-P14) monitor pressure variation, with total pressure accounting
for drops across key components like the feeder, straight pipes, bends, and cyclone

separator, as shown in Figure 3.12.
3.4.10. Pressure drop measuring procedure

The experimental procedure was designed to evaluate pressure drops across key
components of a positive-pressure, dilute-phase pneumatic conveying system transporting
teff grain. The components under investigation included the feeder, horizontal pipe,
vertical pipe, 90° bends, and cyclone separator.

Step 1: Assemble the pneumatic conveying system, integrating the blower, rotary feeder,
pipes, bends, and separator. Step 2: Calibrate the airflow and material transport conditions.

Step 3: Adjust air velocity at the blower outlet using the airflow control valve. Step 4:
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Introduce teff grain using a rotary feeder. Step 5: Measure pressure drops across a section
of the system using a MAN-45 digital manometer and repeat measurements with three
replications. Step 6: Add pressure drops across all sections to determine the total pressure

drop in the full system.
3.4.11. Energy requirement calculations

The power loss (Watts) in the pneumatic conveying system was calculated as the product
of the total pressure drop (AP) in the system and the air mass flow rate (Q, m?/s), as shown
in Equation 2.24. The energy required for pneumatic conveying accounts for the pressure
drop across the system as well as blower losses, multiplied by the air flow rate (Q), which
reflects inefficiencies in blower performance. The efficiency of the blower (1) was a key
factor in determining the actual energy input required, with typical values ranging from
50% to 85% depending on blower type and operating conditions. The actual power needed
Pinput to drive the blower and ensure efficient material transport can be estimated using
Equation 2.25.

3.4.12. CFD-DPM Simulation

CFD-DPM simulation was a crucial tool used to model the behavior of the teff grain
(discrete phase) and air (fluid phase) in the pneumatic conveying system, providing a
detailed analysis of how both phases interact within the system. It helps evaluate key
factors such as velocity distribution, pressure drop, and particle concentration across

various system components.

CFD-DPM offers valuable insights into the behavior of teff grain as it moves through the
system, including how it interacts with airflow and pipe walls. It serves as a
complementary tool to experimental methods, allowing for deeper analysis of complex
flow patterns and particle dynamics that may be difficult to capture in physical

experiments.

3.4.13. Simulation setup

CFD simulation: utilized to model the flow behavior of teff grain within the pneumatic
conveyor system, allowing for detailed visualization and analysis of the interactions
between the gas phase and solid particles. This method offers valuable insights into the
influence of key parameters such as pressure drop and particle velocity distribution on the

overall efficiency and performance of the conveying process.
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Figure 3.13. CFD-DPM simulation setup
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Figure 3.14. Geometry of different bend layouts

As shown in Figure 3.14, was CFD-DPM simulation set-up for (a)feeder (b) straight pipe,

X= distance between the air inlet and material inlet, or L = pipe length (c) bends, R = bend

radius (d) cyclone separator A (m,) air inlet and B (m;) material inlet and Figure 3.14 (a) H
= horizontal, V = vertical, UP, DOWN, RIGHT and LEFT were indicated a connection
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between straight pipes when the direction of flow was counter-clockwise and Figure 3.14
(b) indicate bend join horizontal and horizontal pipelines.

CFD-DPM simulation setup includes material properties, air properties, pipe size and
geometry, boundary conditions, operating conditions, solution method, run calculation,

convergence criteria, report generation, and post-processing using CFD-Post.

Geometry modeling: the geometry of the pneumatic conveying system was developed
using ANSYS SpaceClaim 2024R1. The modeled components include a feeder, horizontal
and vertical pipes, 90° bends, and a cyclone separator. A hexahedral mesh was applied to
the horizontal and vertical pipes, while a tetrahedral mesh was used for the feeder, bends,
and cyclone separator. The pipe diameters used in the system were 46 mm, 71 mm, and
102mm, with corresponding pipe lengths of 2 m, 3 m, 4 m, 5 m, and 6 m. Cyclone
separator diameters were varied to 150 mm, 180 mm, and 200 mm. The bend radius to pipe

diameter ratio (R/D) was maintained at 6.

Particle properties: the teff grain was used as the solid phase material. The particle size
distribution was modeled using the Rosin-Rammler function with a mean diameter of 70 x
10* m, ranging from 68x10* m to 72 x 10* m. A non-spherical particle model was adopted,
with sphericity values of 0.67 to 0.69. The true density of teff grain ranged from 1120
kg/m3 to 1381 kg/m3. Simulations were conducted across a wide range of mass flow rates
from 0.009 kg/s to 0.28 kg/s.

Fluid properties: air was the carrier fluid in the system. It was characterized by a density of
1.225 kg/m?® and a viscosity of 1.7894 x 10° kg/m-s. Air inlet velocities considered in the
simulation were 12 m/s, 16 m/s, 18 m/s, 22 m/s, 25 m/s, and 28 m/s.

Mesh generation: for CFD-DPM simulations, the mesh size was selected to be within 4 to
10 times the mean particle diameter, which resulted in mesh sizes ranging from 2.72 mm to

6.8 mm.

Operating conditions: the gravitational acceleration was set to -9.81m/s? along the y-axis,

consistent with physical orientation in the simulation.

Discrete Phase Model: A two-way coupling approach was employed, allowing interaction
between solid particles and the continuous fluid flow. In CFD-DPM simulation, turbulence

model used: standard k-& model was applied to the horizontal and vertical pipes, while the
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k-¢ RNG model was used for the feeder, bends, and cyclone separator, ensuring accurate

turbulence representation across varying geometries.

Boundary conditions: two separate inlets were defined: one for continuous airflow and
another for solid material injection. Air was introduced through Inlet 1 with velocities
ranging from 12m/s to 28m/s along the Z-axis. Inlet 2 was used for teff grain injection at
the specified mass flow rates from 0.009 kg/s to 0.28 kg/s. The outlet surface allowed for
the escape of both air and solid particles, with the outlet pressure set to 0 Pa. The wall

boundary condition was set as solid (reflective) with a no-slip condition.

Solution method: the simple (semi-implicit method for pressure equations) algorithm was
employed for pressure-velocity coupling. Discretization schemes included second-order
accuracy for pressure, momentum, turbulence kinetic energy, turbulence dissipation rate,

and discrete phase equations.

Run calculation: simulations were run for 500 to 1000 iterations. Both the reporting
interval and profile update interval were set to 1 for detailed monitoring of the solution.

Convergence criteria: The convergence criteria for residuals were set as follows: continuity

< 1x 107 velocities < 1 x 10, and turbulence quantities < 1 x 10°.

Report file: post-processing involved extracting and reporting area-weighted average
values for key parameters, including static pressure, air velocity, turbulence kinetic energy,

particle residence time, and particle mass concentration.

CFD-Post: the results from ANSYS Fluent were further analyzed in CFD-Post, with
detailed output including pressure and velocity distributions, particle mass concentration,
and particle residence time.

3.4.14. Verification and validation of CFD-DPM simulations

CFD-DPM simulation validation was essential for ensuring the accuracy and reliability of
results and was achieved through methods like grid dependence, sensitivity analysis, wall
function considerations, and convergence testing. Grid dependence assesses the impact of
mesh resolution on results, ensuring sufficient grid refinement. Sensitivity analysis
evaluates how input parameter variations affect outcomes, confirming model reliability

under varying conditions.
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Wall functions help model near-wall flow dynamics, crucial in high-speed flows where
fine grid resolution may not capture boundary layer behavior. Finally, convergence testing
ensures the solution stabilizes by monitoring scaled residuals, confirming that further
iterations will yield negligible changes, and validating the simulation's accuracy. These
methods collectively ensure the robustness of CFD-DPM simulations for pneumatic
conveying systems.

3.4.15. Grid dependence of CFD-DPM

Grid dependence in DPM refers to how simulation results, such as particle trajectories and
flow interactions, vary with grid size and resolution. Coarse grids may lead to inaccuracies,
while finer grids improve accuracy but increase computational cost. For reliable results, the
mesh size should ideally be 4 to 10 times the particle mean diameter to accurately capture
particle-fluid interactions. A grid independence study, involving progressively finer grids
until results stabilize, ensures accuracy and eliminates numerical artifacts. Balancing grid
resolution with computational efficiency was crucial for dependable DPM simulations (Z.
Zhao et al., 2024).
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Figure 3.15. Grid size independence for discrete phase model

3.4.16. Sensitivity analysis

Sensitivity analysis was carried out on several parameters, such as mesh size, pipeline
layout, gas properties, conveying material characteristics, and boundary conditions. This
analysis's goals were to verify the CFD-DPM simulation and investigate how small
adjustments to these variables affected the teff grain's pneumatic conveying properties. The
results show that small modifications in the independent variables can cause noticeable
alterations in the pneumatic conveying system's behavior, especially when it comes to
determining pressure drop. The findings demonstrate that the pressure drop was extremely
sensitive to changes in the parameters and that any modification to the input variables

significantly affects the simulation's results.
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3.4.17. Wall function

Wall functions serve as a key criterion for validating CFD-DPM simulations; it was
specifically calibrated to approximate the log-law region, which corresponds to 30 < y+ <
300. Ensuring that y+ values fall within this range was essential for accurate modeling of

near-wall turbulence in CFD-DPM simulations (Salim & Cheah, 2009).
3.4.18. Convergence criteria

In CFD-DPM simulations, convergence was determined by the behavior of scaled
residuals, which represent the balance between sources and sink terms in the governing
equations. As the simulation progresses, residuals decrease, and when it was reach values
close to zero (typically < 1E-5 to 1E-6), the solution was considered converged. This
indicates that further iterations would yield negligible changes, ensuring stable and reliable
results. Monitoring residuals was essential for verifying solution accuracy and avoiding

issues like instability or inadequate convergence (Singh et al., 2023).
3.4.19. Comparative analysis of CFD-DPM simulation and experimental results

A comparative analysis between CFD-PM and experimental results can be performed for
each pneumatic conveying system component, including the feeder, pipes, bends, and
cyclone separator, using metrics like (r) Correlation Coefficient, R? (Coefficient of
Determination), MAE (Mean Absolute Error), MSE (Mean Squared Error), RMSE (Root
Mean Square Error), Relative MAE, Relative MSE, Relative RMSE, and MAPE (Mean
Absolute Percentage Error). r and R? indicate model fit, MSE, MAE, and RMSE quantify
error magnitude, MAPE assesses percentage errors, and Relative MSE, Relative MAE, and
Relative RMSE evaluate overall model accuracy relative to the mean (baseline). All
metrics provide a comprehensive comparison of model accuracy and reliability for system

components.
3.5. Methods for artificial neural network model

ANNs was powerful machine learning tools within the field of artificial intelligence (Al),
capable of modeling complex, nonlinear relationships in large datasets. Inspired by the
structure and function of the human brain, ANNs mimic the way the human mind
processes information through layers of interconnected neurons that learn patterns from
experience. This makes them particularly well-suited for capturing intricate variable

interactions and adaptive learning in engineering systems.
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In this study, ANNs were employed to model and predict pressure drop in a positive-
pressure dilute-phase pneumatic conveying system for teff grain. Pressure drop was a
critical performance parameter influenced by multiple interacting factors such as air
velocity, pipe geometry, grain characteristics, and material flow rate. Traditional regression
methods often struggle to accurately represent such nonlinear behavior, whereas ANNs

offer greater accuracy and flexibility.

MATLAB R2019a, utilizing its nntool, was used to design, train, and validate the ANN
models. The developed network learned from both experimental and CFD-DPM simulation
data to predict pressure drop across a range of operating conditions. This modeling
approach supports the optimization of system efficiency, enhances predictive reliability,

and reduces the need for extensive physical experimentation in pneumatic conveying

design.
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Figure 3.16. Representation of neuron (a) human neuron and (b) single artificial neuron
(Atzeni et al., 2021)
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Figure 3.17. Architecture of feed-forward ANN model with a single hidden layer (Zhao &
Su, 2010)
3.5.1. Data preparation

The ANN model was developed using data from laboratory tests and CFD-DPM

simulations, each offering unique insights into the pneumatic conveying system. These
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datasets were combined, prepared, and structured for training, validation, and testing.
Laboratory tests, limited by factors like scale and cost, complement the detailed insights
from CFD-DPM simulations, which provide a comprehensive view of airflow and particle
behavior. A regression analysis quantifies the relationship between the two datasets, using
metrics like R2, MAE, and RMSE to evaluate model fit. After handling outliers, the
combined data was structured for the ANN model, offering a robust predictive model for
pressure drop in key system components such as the feeder, pipes, bends, and cyclone
separator. The combined input and independent variables were detailed in Table 3.3. A
detailed description of a significant level of the independent variable on the dependent
variable was illustrated in APPENDIX C.

Table 3.3. Summary of independent and dependent variables

Component Independent variables Dependent variable
Feeder v (m/s), ms (kg/s), D (m) AP (Pa)
Horizontal Pipe v (m/s), ms (kg/s), D (m), L (m) AP (Pa)
Vertical Pipe v (m/s), ms (kg/s), D (m), L (m) AP (Pa)
Bends v (m/s), ms(kg/s), D (m) AP (Pa)
Cyclone Separator v (m/s), ms(Kg/s), D (m) AP (Pa)

3.5.2. Determining number of neurons

In an ANN model, it is crucial to have a larger dataset to mitigate overfitting, particularly
in complex models. The 50 times weight rule, based on empirical analyses of synthetic and
real data, emphasizes the complexity of the data-generating process. On the other hand, the
10 times rule, a more widely referenced guideline in the ANN community, suggests using

at least ten times the number of weights (Alwosheel et al., 2018).

According to Alwosheel et al. (2018), for an ANN with 3 inputs, 10 hidden neurons, and 1
output, the total parameters (weights + biases) were 51, requiring a minimum of 510 data
points. For 4 inputs, the total becomes 61, needing at least 610 data points; based on the

rule that data size should be 10x the number of parameters.

During training, the ANN iteratively adjusts weights using backpropagation and gradient
descent to minimize prediction error, updating weights based on the error gradient until
acceptable accuracy was achieved (Leema et al., 2020; He, 2021).
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3.5.3. Data splitting strategy

A common 70/15/15 split for training, validation, and testing in MATLAB offers a
balanced approach for learning, monitoring, and unbiased evaluation. MATLAB’s default
of 10 hidden neurons provides a good starting point, helping avoid overfitting or

underfitting.
3.5.4. ANN training algorithm

Training an ANN in MATLAB involves splitting data into training, validation, and test
sets and then defining the network architecture. For a feed-forward network, the hidden
layer uses 10 neurons with a tan-sig activation function, while the output layer uses a linear
activation function for regression. The Levenberg-Marquardt algorithm was chosen for its
fast convergence and accuracy, especially for medium-sized datasets, outperforming

alternatives like Bayesian regularization and scaled conjugate gradient.
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Figure 3.18. ANN training process diagram MATLAB 2019Ra

3.5.5. K-Fold cross-validation

To perform K-Fold cross-validation for the ANN model, split the dataset into K equally-
sized folds. In each iteration, use K-1 folds for training and the remaining fold for testing.
This process was repeated K times, with each fold serving as the validation set once.
Common values for K were 5 or 10, depending on the dataset size. After completing all
iterations, average the performance metrics to estimate the model’s ability to generalize. K-
fold cross-validation reduces bias, mitigates overfitting, and provides a robust performance
estimate. It was used to optimize the number of neurons and the data splitting size,
ensuring effective model tuning, particularly for datasets like teff grain in pneumatic

conveying systems.
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3.5.6. ANN model performance evaluation metrics

To evaluate the performance of an ANN model, regression evaluation metrics were used to
assess model accuracy. Key metrics were classified into four categories (Correlation
Goodness-of-fit, Error magnitude, and percentage error): Correlation: r (pearson
correlation coefficient), which measures the strength and direction of the linear relationship
between actual and predicted values. Goodness-of-fit: R? (coefficient of determination)
indicates how well the model captures variance in the observed data. Error magnitude:
MAE (mean absolute error), MSE (mean squared error), and RMSE (root mean squared
error) measure the absolute size of prediction errors. Lower values indicate better

performance.

Error relative to mean: Relative MSE, Relative RMSE, Relative MAE Normalizes error
magnitude by dividing it by the mean of actual values. Percentage error: MAPE (mean
absolute percentage error) measures average absolute error as a percentage of actual
values, useful for interpretability. Expression and guidelines for all metrics were
summarized in Table 3.4. Together, these metrics provide a comprehensive comparison of
model accuracy and reliability across system components to overcome overfitting or
underfitting of the model.

Table 3.4. ANN performance evaluation metrics

Metrics  Description Formula Interpretation

r Describes the _ A =X)(vi—Y) Values close to 1 indicate a
strength and V(=% (-9 ) strong relationship, and near
direction of the 0 weak or no relationship
relationship (Akoglu, 2018).
between two
variables

R2 Measures how R2_1_ SS_R Ranges from 0 to 1: values
well TSS > 0.9 indicate excellent fit,
independent 0.7 - 0.9 good, 0.5 - 0.7 fair,
variables 0.3-0.5 weak, < 0.3 poor fit
explain the (Hange et al., 2020).

variation in the

dependent
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Metrics  Description Formula Interpretation
variable

MAE Measures the 1 ) MAE < 10 indicates very
average MAE = HZ“ |Yi IR high accuracy, 10-20
magnitude of suggests high accuracy, 50-
errors without 100  indicates moderate
considering accuracy, and 200+ signals
direction high inaccuracy (Jierula et

al., 2021).

MSE Measures the 1 .., Lower values indicate better
average squared MSE :HZ‘ =3 accuracy. Values between
difference 100- 4000 are low, 4000-
between 10,000 moderate, > 40,000
predicted and high error (Jierula et al.,
actual values 2021).

RMSE  The square root RMSE — \/%Z:(y—_y)z Lower values indicate better
of MSE ) accuracy. Values 10 - 50 are
provides a more low, 50 - 100 moderate,
interpretable and> 200 high error (Uyeh et
measure in the al., 2022).
same units as
the dependent
variable.

Relative Measures the . AE Values < 1 indicate better

Relative MAE = ——

MAE model's y performance  than  the
performance baseline, 1 indicates equal,
relative to a and >1 indicates worse

baseline model
(mean of actual

values).

performance (Chicco et al.,
2021).
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Metrics  Description Formula Interpretation
Relative Measures the . SE Values < 0.04 indicate low
Relative MSE = ——
MSE model's y error, 0.05 - 0.1 moderate, >
performance 0.1 significant errors (Chicco
relative to a etal., 2021).
baseline by
comparing MSE
values
Relative Compares the Relative RMSE — RMSE  Values < 0.6 indicate low
RMSE  RMSE of the error, 0.6-1.0 moderate, and
model to the > 1.0 high error
baseline model (Chicco et al., 2021).
MAPE Measures 1 y.— . MAPE < 10% indicates
MAPE == 3" [ Xl 100
accuracy by N |y excellent accuracy, 10% <

calculating the
average of
absolute
percentage

errors

MAPE < 20% is good, 20%

<MAPE < 50% s
acceptable, and MAPE>
50% signals poor
performance needing

improvement (Jierula et al.,

2021).

This evaluation was essential for rigorously assessing the performance of the ANN model,

as it captures various dimensions of prediction quality, including accuracy, consistency,

and error behavior. By examining how well the model learns from data and generalizes to

new inputs, the evaluation provides a clear understanding of its reliability and

effectiveness. It also helps identify potential areas for improvement, ensuring the model

was both robust and applicable in practical scenarios. Overall, this process strengthens the

validity of the model and supports its use in real-world applications.

3.5.7. Simulation of ANN models in MATLAB Simulink

To simulate the artificial neural network model in MATLAB Simulink, the trained

network, developed using MATLAB’s neural network toolbox, was first exported into the

Simulink environment. This conversion transforms the ANN into a modular, functional
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block that can be seamlessly integrated into larger system-level models. The ANN block
processes input data relevant to the pneumatic conveying system, typically including key
operational and physical parameters such as air velocity (m/s), material flow rate (kg/s),
pipe diameter (m), cyclone separator diameter (m), and pipe length (m). By feeding these
variables into the ANN block, Simulink facilitates the prediction of pressure drop (Pa)
across various components of the system, as illustrated in Figure 3.19. (a) Neural network

diagram, (b) Data input interface, and (c) Simulink block diagram for simulation.
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Figure 3.19. Simulation of ANN models in MATLAB Simulink

This integration enables users to observe how variations in system conditions influence
pressure drop behavior without the need for labor-intensive experimental trials or
computationally expensive numerical simulations. Such flexibility was crucial for
conducting parameter sensitivity analyses, optimizing system performance, and enhancing

the overall accuracy and responsiveness of the predictive model.
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CHAPTER FOUR
RESULTS AND DISCUSSIONS

4.1. Results and discussions on determination of engineering properties of teff

grain
4.1.1. Physical properties of teff grain

The physical properties of teff grain were analyzed using scanning electron microscopy
SEM, with representative images presented at X30, X60, and X270 magnifications in
Figure 4.1 (a-c). Precise dimensional measurements revealed significant variation in grain
size, with lengths ranging from 539 um to 1.1 mm and intermediate measurements of 621
pm, 681 pm, 733 pm, 864 pum, 936 um, and 1 mm. Angular measurements further
demonstrated substantial variation, ranging from 13° to 76°. This considerable diversity in
physical characteristics has important implications for pneumatic conveying systems. The
variation in grain dimensions and shapes directly affects aerodynamic behavior,
influencing critical parameters such as drag coefficients, suspension velocity, and particle-
wall friction. These factors collectively contribute to the overall pressure drop in positive-
pressure dilute-phase pneumatic conveying systems, highlighting the importance of
accounting for natural grain variability in system design and optimization.
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Figure 4.1. SEM image of teff grain (a) X30, (b) X60, and (c) X270

In addition to dimensional analysis, an electronic balance was used to measure teff-grain
thousand-grain mass with a precision of 0.01 mg. Reliable measurements were essential for
understanding the mass variations among the grain varieties, as illustrated in Table 4.1.

Table 4.1. Size and thousand-grain mass of teff grain

Teff Moisture Width Thickness Length Thousand grain
variety content(%) (mm) (mm) (mm) mass(g)
Felagot 8.431-10.1 0.54+0.07 0.51+0.08 0.89+0.08 251.82+0.05
Bishoftu 10.61-10.8 0.60+0.14 0.54+0.08 0.94+0.15 287.39+0.03
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Teff Moisture Width Thickness Length Thousand grain

variety content(%) (mm) (mm) (mm) mass(g)
Boni 9.592-11.6 0.59+0.09 0.53+0.03 0.92+0.15 283.42+0.04

After the determination of dimensions, geometric mean diameter (Dy) and arithmetic
mean diameter (D,) were calculated according to Zewdu & Solomon (2007b). Calculating
average Dg and D, for each variety was determined by measuring 20 individual grains
represented in Figure 4.2, with a total of 60 grains analyzed. Across all varieties, the
average geometric mean diameter (Dg) was 0.68 mm, with a standard deviation of 0.067
units, while the average arithmetic mean diameter (D,;) was 0.72 mm with a standard

deviation of 0.089 mm.

The slight difference between Dy and D, may suggest non-spherical grain shapes, and the
noticeable standard deviations indicate a fair degree of variability in grain size within and
between varieties. The primary goal was likely to identify differences in grain size within
and between varieties. Both size and thousand-grain mass were within the range of prior
research that supports this finding (Abebaw & Abera, 2020; Sadik et al., 2013).
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Figure 4.2. Particle mean diameter

Densities of teff grain, including bulk density and particle density, were critical factors in
determining the characteristics of the pneumatic conveying system presented. Additionally,
porosity and voidage derived from bulk density and true density were also included, as
shown in Table 4.2. The result of measured densities of teff grain was within the range of
previous findings (Zewdu & Solomon, 2007b; Abebaw & Abera, 2020).

Particle size distribution was essential for pneumatic conveyor design and accurate CFD-

DPM simulations. Teff grain size was measured using sieve analysis with five 200 mm
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sieves (2 mm, 1 mm, 710 pm, 500 pm, 355 pm) following ASTM D6913. The resulting
size distribution was shown in Table 4.3.

Table 4.2. Measured physical properties of selected teff varieties

Teff Moisture Bulk Density True Density Voidage Porosity
Variety content (%) (kg/m?) (kg/m?) ) (%)
Boset 10.12-10.49  779.93-855.23 1081.5-1357.04 0.31-0.35 23.59-25.85
Kora 8.974-11.76  803.47-952.73 1180.0-1410.85 0.61-0.75 37.90-42.90
Dagim 10.36-11.91  788.89-859.38 989.23-1320.77 0.34-0.72 25.39-42.05
Felagot 8.431-10.1  782.02-825.07 996.19-1396.80 0.38-0.61 27.38-37.78
Bora 10.56-12.54  788.81-842.40 1129.6-1414.62 0.44-0.79 30.52-44.18
Ebba 7.823-10.75  777.92-943.10 1035.7-1272.45 0.49-0.69 33.15-40.91
Bishoftu  10.61-10.8  783.87-846.00 1175.0-1373.60 0.52-0.59 34.12-37.14
Boni 9.592-11.6 774.72-843.19 993.85-1384.00 0.27-0.39 21.44-28.29
Table 4.3. Particle size distribution of selected teff varieties

Mesh Size Particle size distribution (%)

(um) Bora Boset Kora Felagot Boni Dagim Ebba  Bishoftu
710-1000 54.96 64.3 577 3.36 63.89 67.17 62.83 66.41
355-710 45.04 35.7 422 96.64 36.11 32.83 37.17 33.59

The particle size distribution of teff grains, as shown in Table 4.3, indicates that the
majority of the grains fall within the 355 um-1000 um range across all varieties. Notably,
no teff grains were found in the 1 mm-2 mm range. For most varieties, a significant
proportion of the grains, over 50% were in the 710 pm-1000 pum range, except for Felagot,
which has a distinctly lower percentage, 3.36%, in this size category. Instead, 96.64% of
Felagot grains fall in the 355 um-710 um range, making it the finest among the varieties

analyzed.

Other varieties, Bora, Boset, Kora, Boni, Dagim, Ebba, and Bishoftu, show a more
balanced size distribution, with 32.83%-45.04% of grains in the 355-710 um range. The
absence of particles below 355 pm indicates that teff grains were generally larger than this
threshold, influencing pneumatic conveying efficiency, pressure drop, and airflow demand.
The results for particle size distributions were validated against research that supports this
finding (Sadik et al., 2013).

Table 4.4. Angle of repose of selected teff varieties

Teff Moisture Angle of repose(°)

varieties content(%)  Measurement3 Measurement2 Measurement]  Average SD
Bishoftu 10.5-11.3 22.4 22.5 23.8 22.9 0.78
Boni 9.62-11.4 20.2 21.6 23.4 21.73 1.60
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Teff Moisture Angle of repose(°)

varieties content(%)  Measurement3 Measurement2 Measurementl  Average | SD

Felagot  8.85-10.8 21.5 22.8 23.5 22.6 1.02

Table 4.4 presents the angle of repose for three teff varieties, Bishoftu (DZ-Cr-
497RIL133), Boni (DZ-Cr-498RIL37), and Felagot (DZ-Cr-442RIL77C), with values
ranging from 20.2° to 23.8° across all measurements. The finding aligns with this research
that supports this finding (Abebaw & Abera, 2020). This range indicates that teff grain can
be classified as a very free-flowing bulk material, based on standard flowability
classifications. The low angles of repose suggest that teff grain exhibits excellent flow
behavior, which was advantageous in bulk handling systems. Consequently, no bulk flow
issues were expected in the design of the feeder hopper for the pneumatic conveyor
system, and this data serves as a reliable reference for ensuring smooth material discharge

and flow during operation.
4.1.2. Aerodynamic property of teff grain

Terminal velocities of teff and major cereals were estimated using ANSY'S Fluent coupled
with Rocky DEM and validated against published experimental data from previous finding
terminal velocities of cereal grains range from 3.08-3.96 m/s for teff, 6.81-6.86 m/s for
wheat, 10.6-11.4 m/s for maize, 9.10-9.79 m/s for sorghum, and 6.8-8.53 m/s for barley
(Song & Litchfield, 1991; Guner, 2007; Zewdu, 2007a).
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Figure 4.3. Terminal velocity of cereal grain using ANSYS Rocky DEM-CFD simulation

Figure 4.3 illustrates simulated results of terminal velocity for teff, wheat, maize, sorghum,
and barley: 3.6 m/s, 9.1 m/s, 10.8 m/s, 9.6 m/s, and 6.6 m/s, respectively, demonstrating
strong agreement with experimental findings. These results confirm the reliability of the

DEM-CFD coupling approach for determining terminal velocity, making it a viable
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alternative to traditional experimental methods. Additionally, the lower terminal velocity
of the teff grain indicates that it requires a lower airflow rate for full suspension in a
pneumatic conveyor. The strong agreement confirms the model’s reliability and highlights
teff’s much lower terminal velocity, emphasizing the need for conveying systems tailored
to its unique aerodynamic behavior (Song & Litchfield, 1991; Guner, 2007; Zewdu,
2007a).

4.1.3. Minimum conveying velocity

The investigation confirmed two critical velocity parameters governing pneumatic
conveying performance. Saltation velocity, defined as the minimum air velocity required
maintaining particle suspension in horizontal flow and preventing settling, was established
as a fundamental design parameter. Simultaneously, superficial gas velocity, representing
the actual conveying gas velocity calculated based on the entire pipe cross-sectional area,
was characterized as the operational velocity parameter. The relationship between these
two velocities proved crucial for system optimization, with the superficial gas velocity
necessarily maintained above the saltation velocity to ensure stable, non-settling transport

conditions throughout the pneumatic conveying system.
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Figure 4.4. Minimum conveying air velocity of teff grain

Figure 4.4 illustrates the variation of saltation velocity for teff grain, calculated using
Rizk's Equation (Equation 2.11) concerning pipe diameter (50 mm to 110 mm) and solid
loading ratio (0.3 to 5). As pipe diameter and solid loading ratio increase, higher saltation
velocities were required. For each pipe diameter, the saltation velocity was: for D = 50
mm, it ranges from 4.0 to 9.5 m/s. For D = 75 mm, it ranges from 4.8 to 11.5 m/s. For D =
100 mm, it ranges from 5.6 to 13.2 m/s, and for D = 110 mm, it ranges from 5.8 to 13.8

m/s.

67



Since the superficial gas velocity was typically 1.5 times the saltation velocity (Kong,
2022), its corresponding ranges were: for D = 50mm, it ranges from 6.0 to 14.25 m/s, for D
=75 mm, it ranges from 7.2 to 17.25 m/s, for D = 100 mm, it ranges from 7.5 to 19.8 m/s
and for D = 110 mm, it ranges from 7.5 to 20.7 m/s. This finding was supported by Yang et
al. (2024) and Barrozo et al. (2010); accordingly minimum conveying velocity of teff grain
was within the range of the minimum conveying velocity of common fine dry bulk

material.
4.1.4. Gas fluidization characteristics of teff grain

Gas fluidization was identified as a critical process behavior for fine, dry bulk materials in
industrial applications such as drying, mixing, and pneumatic transport. The analysis
confirmed that the fluidization characteristics of teff grain differed substantially from those
of major cereals. This divergence was attributed to teff's distinct physical properties,
primarily its exceptionally small particle size, unique density, and lower aerodynamic drag,
as evidenced by its lower terminal velocity. These specific characteristics directly
influenced the minimum fluidization velocity, bed expansion, and overall flow dynamics.
Consequently, a thorough understanding of teff's unique fluidization behavior was essential
for the effective design and optimization of industrial handling systems, including

pneumatic conveyors, to ensure efficient and reliable operation.
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Figure 4.5. Geldart classification graph for teff grain generated by Pneucalc software

Based on Geldart's classification of particles shown in Figure 4.5, the teff grain falls under
Group B, medium-sized and medium-density particles (Yehuda & Kalman, 2020). Group
B materials exhibit bubbling in the bed with bubbles causing disturbances. These

disturbances typically lead to turbulent flow in dense-phase pneumatic conveying systems,
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resulting in uneven flow, high-pressure drop, and blockages. This classification forms the
foundation for understanding the gas-fluidization characteristics of teff grain and its
implications for pneumatic conveying. Figure 4.6 (a) shows a non-fluidized bed, Figure 4.6
(b) marks the start of bubbling, Figure 4.6 (c) presents bubble expansion, Figure 4.6 (d)
indicates bed instability with moderate bubbles, and Figure 4.6 (e) illustrates large bubbles
with particle escape. Experimental observations confirm that teff grain fluidizes and forms
bubbles at low air velocities, with a clear dependence between minimum fluidization
velocity and pressure drop. Due to weak air retention, teff grain performs better in dilute-

phase pneumatic conveying than in dense-phase systems, improving operational efficiency.
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Figure 4.6. Fluidized bed test result for teff grain (a) fixed bed, (b) bubble formed, (c)
bubbles growth, (d) moderate bubble and unstable bed formed, and (e) large bubble formed

Figure 4.6 shows that teff grains begin bubbling at low air speeds and continue until
pressure stabilizes. Increasing airflow raises pressure loss, enlarges bubbles, and disturbs
the bed. At peak pressure, conditions remain constant, while excessive airflow causes
particle discharge. Minimum fluidization velocity and pressure loss vary with teff grain

moisture content and variety.
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Figure 4.7. Effect of superficial air velocity on pressure drop/bed height of teff grain
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Figure 4.7 fluidized bed test for DZ-CR-442 RL77C (8%), DZ-CR-442 RL77C (14%),
DZ-Cr-409 (9%), and DZ-Cr-409 (16%) illustrates the varying moisture levels and its
variety. Minimum fluidization velocity ranges from 0.56 - 0.575m/s, while the pressure
drop ranges from 100 - 107mbar/m. The finding aligns with prior research that supports
this finding (Zewdu & Siraj, 2021).
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Figure 4.8. Effect of moisture content on Un,s and pressure drop/bed height of teff grain

Figure 4.8 illustrates how minimum fluidization velocity and pressure drop vary with bed
height for two teff varieties (DZ-Cr-442 RIL77C and DZ-Cr-409), highlighting the effects
of grain type and moisture content. DZ-Cr-442 RIL77C at 8% moisture shows the
strongest correlation (R? = 0.977), reflecting very consistent fluidization. At 14% moisture,
the same variety has a slightly lower correlation (R? = 0.963), indicating minor changes
with increased moisture. DZ-Cr-409 at 9% maintains a high correlation (R? = 0.970), while
at 16% it is lowest (R? = 0.958), suggesting that higher moisture slightly influences inter-
particle cohesion or density. Overall, the high R? values verify the experimental data’s

reliability.
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Overall, both the moisture level and the specific variety of teff grain strongly affect its gas
fluidization behavior, providing valuable guidance for enhancing the efficiency and
performance of industrial processes, including drying, pneumatic transport, handling, and
separation of teff grains under different operating conditions.

Table 4.5. ANOVA on effect of MC and teff variety on fluidization of teff grain

ANOVA
Source The sum of  Degrees of Mean F-value p-value
of Squares Freedom Square
Variation (SS) (df) (MS)
Moisture Content(MC) 1125.6 3 375.2 58.4 <0.001
Variety 420.3 1 420.3 65.4 <0.001
Residuals 313.5 63 4.98

Total 1859.4

Table 4.5 indicates that ANOVA results confirm both moisture content (MC) and teff grain
variety have a significant impact on gas fluidization behavior. Moisture content shows a
highly significant effect (p < 0.001) with an F-value of 58.4, demonstrating strong control
over fluidization. The sum of squares (1125.6) suggests moisture is the dominant factor
influencing pressure drop. Increased moisture likely enhances inter-grain cohesion, making

fluidization more challenging and resulting in higher pressure drop values.

Likewise, teff grain variety shows a significant influence (p < 0.001, F = 65.4),
demonstrating that different varieties display unique fluidization patterns. These variations
are attributed to differences in grain size, shape, and surface properties, which in turn

impact airflow resistance and overall fluidization performance.

The residual variance remained fairly low (SS = 313.5), indicating that the model accounts
for the majority of the observed variation. These results carry practical significance for
industrial processes such as drying, pneumatic transport, and grain separation, where
knowledge of how moisture content and grain variety influence fluidization can assist in

optimizing operational conditions and improving overall process efficiency.
4.2. Results and discussions on an investigation of pressure drop in the system

4.2.1. Experimental investigation of pressure drop in the system

The results showed that the system's pressure drop was strongly influenced by all tested
factors. It increased with higher air velocity and material flow rate due to greater friction

and particle interaction losses. A smaller pipe diameter of 46 mm and longer pipe length
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significantly raised the pressure drop, while the bend configuration, particularly the
horizontal-to-vertical upward H-V UP bend, proved to be a major source of energy loss.
The 150 mm cyclone separator also produced a higher pressure drop than larger units,

showing that system geometry was as crucial as operating conditions in determining

energy demand. The detailed results and discussion were presented below.
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Figure 4.9. Effect of air velocity and feed rate on PD for feeder: (a) 46mm and (b) 71mm

Figure 4.9 illustrates that pressure drop due to the feeder for Figure 4.9 (a) v =12 - 28 m/s,
ms = 0.009 - 0.1 kg/s, and D = 46mm, and Figure 4.9 (b) v =16 - 28 m/s, ms = 0.009 - 0.1
kg/s, and for D =71 mm.

Feeder Section: Figure 4.9 shows clear performance differences between the 46 mm and 71
mm feeders tested at 12-28 m/s air velocity and 0.009-0.1 kg/s material flow. The smaller
feeder produced much higher pressure drops, especially at lower velocities, highlighting

the critical role of feeder design in system efficiency.
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Figure 4.10. Effect of air velocity and feed rate on PD in HP for length (a) 4000mm and (b)
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Figure 4.10 shows that pressure drop due to horizontal pipes for Figure 4.10 (a) v =12 - 28
m/s, ms = 0.009 - 0.1 kg/s, D = 46 mm and L = 4000 mm, and Figure 4.10 (b) v = 12 - 28
m/s, ms = 0.009 - 0.1 kg/s, D =46 mm and L = 6000 mm.
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Figure 4.11. Effect of air velocity and feed rate on PD for VP with diameter length (a)

4000mm and (b) 6000mm

Figure 4.11 shows that pressure drop due to verticle pipes for Figure 4.11 (a) v = 12 - 28
m/s, ms = 0.009 - 0.1 kg/s, D = 46 mm and L = 4000 mm, and Figure 4.11 (b) v =12 - 28
m/s, ms = 0.009 - 0.1 kg/s, D =46 mm and L = 6000 mm.

Horizontal and Vertical Pipes: Figures 4.10-4.11 show pressure losses in 46 mm pipes of

4000 mm and 6000 mm under all test velocities and flow rates. Pressure drop increased

linearly with pipe length, with the 6000 mm sections showing higher losses. Vertical pipes

also produced slightly higher pressure drops than horizontal ones due to the added energy

required to overcome gravity.
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Figure 4.12. Effect of air velocity and feed rate on PD for 90° bends for diameter (a) 46mm

and (b) 72mm
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Figure 4.12 highlights that pressure drop due to 90° bends for Figure 4.12 (a) v = 12 - 28
m/s, ms = 0.009 - 0.1 kg/s, and for D = 46 mm for 90° bends, and Figure 4.12 (b) v = 12 -
28 m/s, ms = 0.009 - 0.1 kg/s, and D = 71 mm for 90° bends.

90° Bends: The influence of pipe diameter on bend losses was shown in Figure 4.12,
comparing 46 mm and 71 mm diameters across velocities of 12-28 m/s and material flow
rates of 0.009-0.1 kg/s. The 46 mm diameter bends generated substantially higher pressure
drops, particularly at elevated velocities, highlighting the significant impact of flow

constriction and particle-wall interactions in directional changes.
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Figure 4.13. Effect of air velocity and feed rate on PD in CS for diameter (a) 150mm, (b)
180mm, and (c) 200mm

Figure 4.13 highlight that pressure drop due to cyclone separator for Figure 4.13 (a) v =12
- 28 m/s, ms = 0.009 - 0.1 kg/s, and D = 150 mm and Figure 4.13 (b) v =12 - 28 m/s, ms =
0.009 - 0.1 kg/s and D = 180 mm, and Figure 4.13 (c) v = 12 - 28 m/s, ms = 0.009 - 0.1
kg/s and D =200 mm.
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Cyclone Separators: Figure 4.13 illustrates the pressure drop across three cyclone
diameters (150 mm, 180 mm, and 200 mm) under the same operational conditions. The
results demonstrate an inverse relationship between cyclone diameter and pressure drop,
with the 150 mm cyclone exhibiting the highest resistance due to intensified centrifugal
forces and internal turbulence. This establishes a critical trade-off between separation
efficiency and energy consumption in cyclone selection.

Overall, the results show that pressure drop was strongly affected by both operating
conditions and system geometry. Smaller diameters and longer pipes increase energy loss,
with vertical sections adding extra drop due to gravity. Bends and cyclone separators
further raise losses because of directional changes and constricted flow paths. Importantly,
these combined effects significantly influence system performance. Pressure drop rises
with increasing material flow rate and decreases with higher air velocity, consistent with

the findings of Ozlu & Guner (2022) and Shijo & Behera (2021).
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Figure 4.14. Effect of 90° bend layout and air velocity on pressure drop for pipe diameters
of 46 and 71 mm
Figure 4.14 shows that the pressure drop due to 90° bends layouts for Figure 4.14 (a) v =
12 - 28 m/s, ms = 0.009 - 0.1kg/s and D = 46 mm, and Figure 4.14 (b) v =12 - 28 m/s, mg =
0.009 - 0.1 kg/s and D = 72mm.
Table 4.6. Analysis of variance for small pipe size (D = 46 mm)

ANOVA

Pressure drop for 90° bends layouts
Source of Variation ~ Thesumof  Degrees of Mean F-value p-value

Squares Freedom Square

(SS) (df) (MS)

Between groups 11729.045 4 2932.262 0.999 0.414
Within groups 220129.10 75 2935.055
Total 231858.15 79

75



Table 4.7. Analysis of variance for medium pipe size (D = 71 mm)

ANOVA

Pressure drop for 90° bends layouts
Source of  Thesumof  Degrees of Mean F-value p-value
Variation Squares Freedom Square

(SS) (df) (MS)
Between groups 1166.52 4 291.631 0.265 0.899
Within groups 82496.06 75 1099.94
Total 83662.59 79

As the pressure drops across different 90° bend layouts in Figure 4.14 comparative analysis
done and presented in Table 4.6 and Table 4.7 which illustrates ANOVA results for the 90°
bends layout with pipe bore diameters of 46 mm and 71 mm indicate no statistically
significant differences in pressure drop across the different bend layouts, as shown by high
p-values 0.414 for 46 mm and 0.899 for 71 mm and F-values lower than 1. For the 46 mm
pipe, the total variability in pressure drop was a higher sum of squares = 231858.15
compared to the 71 mm pipe sum of squares = 83662.59, suggesting that the smaller
diameter contributes to greater resistance and variation. However, in both cases, the
majority of the variability was attributed to within-group differences rather than
differences between the bend layouts, indicating that the bend layout does not significantly
affect pressure drop under the tested conditions. The findings of this study were also in

agreement with the trends reported by Dikty (2025).
4.2.2. CFD-DPM simulation

The CFD-DPM simulation results demonstrated the model's feasibility as a reliable
alternative to laboratory experiments. Validation was conducted through comparison with
experimental data, which confirmed the accuracy of the simulation approach. The analysis
focused on critical teff grain properties, including particle size distribution, shape
characteristics, and density variations. Computational parameters such as mesh sensitivity,
wall functions, and residual convergence were systematically evaluated to ensure

numerical reliability.

For the pneumatic conveying simulation, the model incorporated specific particle
properties: a size distribution with minimum (dmin = 0.68 mm), mean (dmean = 0.70 mm),
and maximum (dmax = 0.72 mm) diameters; density values of pmin = 1120 kg/m?, pmean =
1284 kg/m?3 and pmax = 1381 kg/mé3; and sphericity values of ¢ = 0.67- 0.70. The operating
conditions included a mass flow rate of 0.03 kg/s, an air velocity of 20 m/s, and a pipe
diameter of 46 mm, as documented in Figure 4.15 and Table 4.8. These comprehensive
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input parameters ensured the simulation accurately represented the physical behavior of
teff grains in pneumatic conveying systems.

Table 4.8. Physical property of teff grain considered for CFD-DPM simulation setup

No | Mean particle diameter(mm) | Particle density(kg/m®) Sphericity(-)
1 da dz ds p1 P2 P3 o1 b2 b3
0.68 0.7 0.72 1120 1284 1381 | 0.67 0.68 0.7
2 d,=0.7 p = 1240 6 =0.68

d,0,65

260 9231250 G Praathn d1zP2 0

2 180 4 d.02¢
a 1 501250

100 I e e e e AN
A B C D E F
Particle property

Figure 4.15. Particle properties considered in the CFD-DPM simulation

Figure 4.15, the bar chart illustrates the relationship between different particle properties
and pressure drop (Pa). The x-axis represents various particle properties labeled A to F,
while the y-axis shows the pressure drop (Pa). Bars A and B have similar pressure drops of
240 Pa, suggesting that all particle properties and influence pressure were similar. Bars C
and F have the lowest pressure drop of 160 Pa - 170 Pa with a single particle shape, and
Bars D and E have the highest pressure drop of 260 Pa, implying how much variation in
particle shape contributes to resistance. Overall, the results indicate that pressure drop was
highly influenced by variation in particle shape, as shown in bar E. A Combination of
variations of particle shapes (¢123) with mean particle diameter and particle density leads to
a significant pressure drop when compared with a single particle shape (¢). The result in
Figure 4.15 reflects the findings of Benard and Nally (2004), reporting that irregular or
elongated particle shapes lead to significantly higher pressure drop, whereas spherical or

uniform particles produce lower resistance.
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4.2.3. Mesh sensitivity analysis

A sensitivity analysis was conducted on parameters like mesh size, pipeline layout, gas

properties, material characteristics, and boundary conditions to validate the CFD-DPM

simulation and assess their impact on pneumatic teff grain conveying. Results indicate that

small parameter changes significantly affect system behavior, particularly pressure drop,

highlighting the importance of precise parameter control for accurate modeling and reliable

performance prediction.
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Figure 4.16. Effect of mesh size on pressure drop of (a) feeder, (b) SP, (d) 90° bends, and
(d)Cs

Figure 4.16(a) grid dependency analysis for the feeder was analyzed for air velocity (v) =

16 m/s, material mass flow rate (my) = 0.009 kg/s, particle density (p) = 1284 kg/m’, Rosin

Rammler particle size distribution d,; = 0.68mm, dy, = 0.70 mm and dp; = 0.72 mm,

number of diameter = 10, spread diameter = 3.5. According to Cao et al. (2022), in CFD-

DPM mesh size was 4 - 10 times the mean particle diameter.
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Table 4.9. Regression ANOVA of mesh size vs. pressure drop for feeder

ANOVA
Source The sum of Degrees of Mean F-value p-value
of Variation Squares Freedom Square
(SS) (df) (MS)
Regression 1 0.0563 0.0563 0.00537 0.945
Residual 4 41.933 10.483
Total 5 41.990

Based on Table 4.9 on the regression analysis, mesh size did not have a significant effect
on the pressure drop (Pa) in this dataset. This conclusion was supported by a p-value of
0.945, which was much higher than the typical significance level (a = 0.05), and a very
low F-value (0.00537), the regression model for (mesh size 3mm - 8 mm) indicating
almost none of the variation in pressure drop of the feeder in a positive-pressure dilute-

phase pneumatic teff grain conveyor.

Figure 4.16 (b) Grid dependency was analysis for straight pipeline was analyzed for pipe
diameter (D) = 0.71 mm, pipe length (L) = 1500 mm, air velocity (v) = 20m/s, material
mass flow rate (ms) = 0.13 kg/s, particle density (p) = 1283 kg/m°, Rosin Rammler particle
size distribution dy; = 0.68 mm, dy, = 0.70 mm and dpz = 0.72 mm, number of diameter =
10, spread diameter = 3.5, and mesh 3 mm - 8 mm as in CFD-DPM simulation mesh size
was 4 -10 times, nodes, elements and pressure drop(Pa).

Table 4.10. Regression ANOVA of mesh size vs. pressure drop for straight pipelines

ANOVA
Source The sum of  Degrees of Mean F-value p-value
of Variation Squares Freedom Square
(SS) (df) (MS)
Regression 1 0.000834 0.000834  0.000499 0.983255762
Residual 4 6.693251 1.673313
Total 5 6.694085

Table 4.10 indicates that mesh size varies from 3 mm to 8 mm; it has no significant effect
on the pressure drop in the straight pipeline of a positive-pressure dilute-phase pneumatic
teff grain conveyor, as indicated by the ANOVA results with an extremely low F-statistic
(0.000499), a high p-value (0.983), and minimal variance explained by the regression
model. Figure 4.16(c) Grid dependency analysis for 90° bends was analyzed for pipe
diameter (D) = 0.71mm, air velocity (v) = 20 m/s, material mass flow rate (ms) = 0.1 kg/s,
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particle density (p) = 1283 kg/m®, Rosin Rammler particle size distribution dp1 = 0.68 mm,
dp2 = 0.70 mm and dp3 = 0.72 mm, number of diameter = 10, spread diameter = 3.5, and
mesh 3 mm - 8mm as in CFD-DPM simulation mesh size was 4 - 10 times, nodes,

elements and pressure drop(Pa).

Figure 4.16(c) Grid dependency analysis for 90° bends was analyzed for pipe diameter (D)
= 0.71mm, air velocity (v) = 20 m/s, material mass flow rate (ms) = 0.1 kg/s, particle
density (p) = 1283 kg/m’, Rosin Rammler particle size distribution dp1 = 0.68 mm, dy,, =
0.70 mm and dp3 = 0.72 mm, number of diameter = 10, spread diameter = 3.5, and mesh 3
mm - 8mm as in CFD-DPM simulation mesh size was 4 - 10 times, nodes, elements and
pressure drop(Pa).

Table 4.11. Regression ANOVA of mesh size vs. pressure drop for 90° bends

ANOVA
Source The sumof  Degrees of Mean F-value p-value
of Squares Freedom Square
Variation (SS) (df) (MS)
Regression 1 0.018893 0.018893 0.00356 0.9553
Residual 4 21.25566 5.313914
Total 5 21.27455

Table 4.11 highlights that for (mesh size 3mm - 8 mm), ANOVA results for the 90° bend
in the pneumatic conveying system indicate that the variation in pressure drop due to
changes in mesh size was not statistically significant. The regression model explains only a
small portion of the total variance, with a sum of squares (SS) of 0.0189 out of a total SS
of 21.2746. The residual SS (21.2557) accounts for almost all the variance, indicating that
most of the variation was due to other factors or random noise. The F-statistic (0.0036) was
very low, and the p-value (0.9553) was much greater than the typical significance
threshold of 0.05, confirming that the effect of mesh size on pressure drop in the 90° bend

was negligible.

Figure 4.16(d) Grid dependency analysis for cyclone separator was analyzed for cyclone
diameter (D) = 150 mm, air velocity (v) = 22m/s, material mass flow rate (ms) = 0.067
kg/s, particle density (p) = 1283 kg/m’, Rosin Rammler particle size distribution dp1 =
0.68mm, dy; = 0.70 mm and d,3 = 0.72 mm, number of diameter = 10, spread diameter =
3.5, and mesh 3 mm - 9 mm as in CFD-DPM simulation mesh size was 4 - 10 times, nodes,

elements and pressure drop(Pa).
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From the mesh size versus the pressure drop curve of the cyclone separator, it was
observed that the pressure drop curve exhibits a flat section. This flat section, occurring in
the mesh refinement range of 2.72 mm to 6.8 mm, indicates that further mesh refinement

has no significant effect on the solution.
4.2.4. Wall function

Wall functions were used to validate the CFD-DPM simulations by approximating the log-
law region (30 < y+ < 300) for near-wall turbulence (Salim & Cheah, 2009). Computed y+
values across the pneumatic conveying system remained consistently within this range
under all tested conditions, ensuring accurate modeling. The y+ parameter was expressed

and evaluated as follows:
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Figure 4.17. Y-Plus vs. iteration for (a) feeder, (b) HP, (c) VP, (d) 90° bend, and (e) CS
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Figure 4.17(a) y* value for D = 71mm, v = 20 m/s, ms = 0.13 kg/s, mesh size 0.003 m,
particle size for teff dy; = 0.68 mm, dy, = 0.70 mm and dy3= 0.72 mm, teff particle density
Pp = 1284kg/m?® for feeder. It demonstrates that y* approaches 103 and remains constant

around iteration 100.

Figure 4.17(b) y* value for D = 71 mm, v = 20m/s, ms = 0.13kg/s, L = 4000 mm, mesh size
0.003m, particle size for teff d,1 = 0.68 mm, dy> = 0.7 mm, and dp3 = 0.72 mm, teff particle
density p, = 1284 kg/m? for horizontal pipeline. Shows that y* approaches 43 and remains

constant around iteration 80.

Figure 4.17(c) y* value for D = 71 mm, v = 20 m/s, ms = 0.13 kg/s, L = 4000 mm, mesh
size 0.003m, particle size for teff dp; = 0.68 mm, dy> = 0.7 mm, and dp= 0.72 mm, teff
particle density p, = 1284 kg/m?® for vertical pipeline. Shows that y* approaches 195 and

remains constant around iteration 100.

Figure 4.17(d) y* value for D = 71 mm, v = 20 m/s, ms = 0.13 kg/s, R/D = 6, mesh size
0.003m, particle size for teff dp; = 0.68 mm, dy> = 0.7 mm, and dy3= 0.72 mm, teff particle
density p, = 1284 kg/m® for 90° bends. Shows that y* approaches 155 and remains constant

around iteration 50.

Figure 4.17 (e) y" value for D = 180 mm, v = 16 m/s, ms = 0.03 kg/s, mesh size 0.003 m,
particle size for teff dy; = 0.68 mm, dp, = 0.7 mm and dy3 = 0.72 mm, teff particle density
pp = 1284 kg/m® for cyclone separator. Shows that y* fluctuates between 50 - 290 iterations
from 0 - 500. This fluctuation happens due to swirling-dominated flow in a cyclone

separator.

All the above results were supported by wall functions, which served as a critical
validation criterion for the CFD-DPM simulations, providing a calibrated method
corresponding to 30 < y+ < 300 (Salim & Cheah, 2009).

4.2.5. Scaled residuals

In the CFD-DPM simulations, scaled residuals tracked imbalances in continuity,
momentum, energy, turbulence, and discrete phase equations to indicate convergence and
accuracy. Convergence was achieved when normalized residuals fell below 1073-107°¢,
verified by mass balance and pressure stability checks. Residual monitoring also guided

mesh refinement, solver optimization, and ensured physically consistent results.
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Figure 4.18. Scaled residuals for CFD-DPM simulation of a horizontal pipe

Figure 4.18. Scaled residuals for CFD-DPM simulation of a horizontal component with a
diameter of 71 mm, mass flow rate of 0.13 kg/s, and velocity of 25 m/s show that
convergence was attained by increasing the number of iterations from 300 to 400 and most
of scaled residuals failed in the range between 10 to 107, ensuring consistency, with

convergence generally reached when values fall below 1073 to 107°.
4.2.6. CFD-DPM simulation result

Figure 4.19- 4.23 illustrates ANYS fluent CFD-POST result for feeder, horizontal pipe,
vertical pipe, 90° bend, and cyclone separator. The results include pressure distribution
(Pa), air velocity distribution (m/s), particle concentration (kg/m®), and particle time (s).

The results were presented for each component as follows:
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Figure 4.19. CFD-DPM simulation results for feeder
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Figure 4.19 presents the CFD-DPM simulation results for the feeder, illustrating key
parameters including pressure distribution (a), air velocity distribution (b), particle
concentration (c), and teff particle travel time (d and e). The simulation was conducted
under the conditions of a pipe diameter (D) of 46 mm, a material flow rate (ms) of 0.009

kg/s, and an air velocity (v) of 16 m/s.

Figure 4.19(a) Pressure distribution ranges from -1.001 Pa to 69.449 Pa, showing that the
pressure within the system varies significantly, with some areas experiencing pressure
drops (negative values) and others under higher pressure. This pressure variation was

crucial in understanding the dynamics of the material flow through the feeder.

Figure 4.19(b) Air velocity distribution spans from 0.000 m/s to 17.846 m/s, indicating that
there were regions with almost no airflow (0 m/s) and others where the airflow reaches
higher speeds. This variation in velocity affects how effectively the teff particles were

conveyed through the system.

Figure 4.19(c) Particle concentration ranges from 0.000 kg/m? to 232.411 kg/m?3, indicating
how the teff particles were dispersed within the airflow. A concentration of 0.000kg/m3
suggests areas with no particles, while values up to 232.411 kg/m3 represent regions with

particle concentration.

Figure 4.19(e-d) particles move from the inlet to the outlet between 0.002 s and 0.164 s.
This time frame captures their transit, interactions, and behavior, providing insights into
particle-air dynamics.

© & IS o
<§§’ ® rﬁ"'bqu’ﬁbl\@"b"\q’ %%%oﬁ &\q,% Q’b '{'Lb er\'\63
PN S ‘Ou"@bé’ @ AN

"1«"!«
m——

Pressure [Pa]

@ ]

© O o o
Qo'\%fbé\@,p,\«,\o ‘1?’0"’@@?"@?’%

Velocity [m s™-1] .
| & |
(b) —

$ 0.0 PPy

© Jo Lo
e P P 08P b
N " 27 " P W e, e D D B AN
N S G R S R g S
Particle Mass Concentration [kg m#-3] y
f
(©)



Eaatnle )
¥ =P s
Mitsan
B ;‘:\‘%W%“ ;
SRR W O op
O PP TD N W IRG DTN AR B NI 65 00 DS o
QQQ'QQ'QQ’ 0'00' Q0 Qt\ QWQ,LQ(}Q{LQWQ,?Q&Q@Q?(Q?QP
.
Teff Grain.Particle Time [s] Iy L
(e) FLUENT PT for Teff Grain

Figure 4.20. CFD-DPM simulation results for horizontal pipe

Figure 4.20, shows the CFD-DPM simulation results for the horizontal pipeline, illustrating
pressure distribution (a), air velocity distribution (b), particle concentration (c), and teff
particle travel time (d and e) for a pipeline with a diameter (D) of 71 mm, length (L) of

4000mm, a material flow rate (ms) of 0.13 kg/s, and an air velocity (v) of 20 m/s.

Figure 4.20(a) Pressure distribution ranges from 0 Pa to 717.783 Pa, indicating significant
pressure increases along the pipeline. This variation in pressure was critical for
understanding how the system's flow resistance changes as the grain were conveyed

through the horizontal pipe.

Figure 4.20(b) Air velocity distributions vary from 0.000 m/s to 24.966 m/s, showing
regions where the airflow was absent (0 m/s) and other areas where the airflow reaches
higher speeds. These differences in air velocity affect the overall efficiency of the

pneumatic conveying system by influencing the movement of teff grains.

Figure 4.20(c) Particle concentration spans from 0.000 kg/m3 to 58.934 kg/ms3, reflecting
the distribution of teff grain particles within the airflow. The lower concentration values
indicate areas where few or no particles were present, while the higher concentration
values suggest regions of greater particle accumulation, which could affect the system's

performance in terms of efficiency and material handling.

Figure 4.20(d-e) finally, the teff particle travel times were shown, with values in (d)
ranging from 0.001 s to 0.458 s and in (e) from 0.001 s to 0.458 s. These travel times
indicate the duration for teff particles to pass through the horizontal pipeline, with slight
variations between the two travel times, reflecting differences in particle movement

throughout the system.
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Figure 4.21. CFD-DPM simulation results for vertical pipe

Figure 4.21 presents the CFD-DPM simulation results for pneumatic conveying of teff
grain through a vertical pipeline with a diameter of 71 mm, a material flow rate of 0.13
kg/s, and an air velocity of 20 m/s. The simulation highlights four key parameters: (a)
pressure distribution, (b) air velocity distribution, and (c) and (d) teff particle travel times.
The study focuses on the pneumatic conveying of teff grain through a vertical pipeline
under specific operating conditions. These parameters establish the baseline for analyzing

flow dynamics and particle behavior.

Figure 4.21(a) pressure distribution (a) ranges from 0 to 919.072 Pa, indicating the

variation in pressure along the pipeline.

Figure 4.21(b) air velocity distribution spans from 0.000 to 23.071 m/s, representing the

flow characteristics of the conveying air.

Figure 4.21(c-d) teff particle travel time was depicted in both, ranging from 0.001 to 0.394
seconds, which shows the duration taken by the particles to traverse the pipeline under the
given operating conditions. These results provide a detailed visualization of the flow
dynamics and particle behavior in the vertical pipeline. It was essential to break them down

into key insights and technical implications.
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Figure 4.22. CFD-DPM simulation results for bends

Figure 4.22 presents the CFD-DPM simulation results for pneumatic conveying of teff
grain through an H-V UP 90° bend in a pipe with a diameter of 71 mm, a material flow rate

of 0.13 kg/s, and an air velocity of 20 m/s.

Figure 4.22(a) Pressure distribution within the system ranges between -7.574 Pa and
461.248 Pa. This indicates a significant variation in pressure, with negative values
suggesting areas where pressure drops, likely due to the bend in the pipe and changes in

flow dynamics.

Figure 4.22(b) Air velocity distributions vary from 0.000 m/s to 24.354 m/s, showing areas
where the airflow was minimal or absent and areas where it reaches high speeds. This
variation in air velocity was important for understanding the performance of the pneumatic

conveying system, particularly in how it affects the movement of teff grains.

Figure 4.22(c) Particle mass concentration spans from 0.000 kg/m3 to 89.575 kg/m3. This
represents the density of teff grain particles in the air, with higher concentrations indicating
regions of greater particle accumulation. The concentration varies across the system,

highlighting how the particles disperse or cluster depending on the airflow conditions.
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Figure 4.22(d-e) travel times of teff grains depicted in (d) and (e). In (d), the travel times
range from 0.002 s to 0.144 s, while in (e), it was range from 0.002 s to 0.154 s. These
variations in travel times reflect differences in how long it takes for particles to move
through the system, which can be influenced by factors such as air velocity and particle

concentration.
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Figure 4.23. CFD-DPM simulation results for cyclone separator
Figure 4.23 presents the performance characteristics of a 0.9D cyclone separator under
varying air velocities and material flow rates. The analysis includes pressure drop and air
velocity distributions for two cases: at an air velocity of v = 10m/s with a material flow
rate of m, = 0.009 kg/s and at v = 22m/s with ms = 0.067 kg/s.
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Figures 4.23(a) and (c): As the air velocity increases from 0 to 11.83 m/s, the pressure
within the cyclone varies between roughly -40 Pa and 115 Pa. This indicates a relatively
moderate pressure change at lower airflow rates. The negative pressures suggest suction
regions, typically near the inlet or vortex areas, while the positive pressures indicate zones

of compression.

Figures 4.23(b) and (d): At higher air velocities, ranging from 0 to 27.53 m/s, the pressure
distribution expands significantly, from -178 Pa to 542 Pa. This shows that increasing the
air velocity dramatically amplifies both the maximum and minimum pressures inside the
cyclone. The larger pressure range reflects stronger centrifugal effects and higher dynamic

interactions between the air and particles at these velocities.

These results highlight the significant influence of increased air velocity and material flow
rate on flow dynamics and pressure distribution, emphasizing the performance variations
of the 0.9D cyclone separator in a positive-pressure dilute-phase pneumatic conveying
system, and a detailed illustration of the CFD-DPM simulation set-up for the full system
was shown in APPENDIX B.

4.2.7. Validation of CFD-DPM simulation against experimental results

The integrated approach combining CFD-DPM simulations with laboratory experiments
revealed significant insights into the pressure drop in a positive-pressure dilute-phase
pneumatic conveying system for teff grain. This comprehensive analysis provided a
detailed understanding of the observed flow behavior and energy losses throughout the
system. The results highlighted five key components where notable pressure variations
occurred: the feeder, horizontal pipelines, vertical pipelines, bends, and the cyclone

separator.

Laboratory experiments provided real-world pressure drop data under controlled
conditions, serving as a benchmark to validate the CFD-DPM results. The findings
demonstrated consistency with computational predictions, although limitations in setup,
scale, and resources prevented measurement of every parameter across all components,

highlighting the continued importance of computational support.

CFD-DPM simulations revealed detailed information about the airflow patterns, particle
trajectories, and the complex interactions between solid particles and the conveying air.
These results provided high-resolution insights into velocity distribution, turbulence, and
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pressure variations that would be difficult to observe through experimental methods alone.

The computational analysis also highlighted the system behavior under multiple operating

conditions, offering flexibility and reducing the need for extensive physical testing.
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Figure 4.24. CFD-DPM vs. Exp for (a) feeder, (b) HP, (c) VP, (d) bends, and (e) CS

The results from Figure 4.24 demonstrate a highly successful validation of the CFD-DPM,

where the exceptionally high R-Square values across all system components, ranging from

90



0.99096 for the cyclone separator to 0.9974 for the vertical pipes and 90° bends, with the
feeder at 0.9956 and horizontal pipes at 0.9968, collectively indicate a near-perfect
correlation between the simulation and experimental data. This consistently strong
performance, with all values exceeding 0.99, confirms that the model was remarkably
accurate and reliable for predicting particle behavior throughout the entire system, from the
feeder and through the complex flows within pipes, bends, and the cyclone separator,
establishing it as a highly trustworthy tool for analysis.

Table 4.12. Regression evaluation metrics for CFD-DPM validation

Evaluation metrics Feeder = Horizontal pipes  Vertical pipes  90° Bends  Cyclone separator

R-Square 0.9956 0.9968 0.9974 0.9974 0.99096
MSE 287.22 67.324 29.980 27.191 206.892
RMSE 16.947 8.2051 5.4753 5.2144 14.3837
MAE 16.65  7.5713 4.4699 4.1462 14
MAPE 20.304 13.904 9.5542 13.990 9.0909

Figure 4.24 (a-e) presents the CFD-DPM simulated versus experimental pressure drops for
the feeder, horizontal pipes, vertical pipes, 90° bends, and cyclone separator. Table 4.12
summarizes the regression metrics used to evaluate the CFD-DPM model’s predictive
accuracy across these pipeline components. The metrics include R?, MSE, RMSE, MAE,
and MAPE, which together provide a comprehensive assessment of absolute and relative
errors in Table 3.4 (Akoglu, 2018; Hange et al., 2020; Jierula et al., 2021).

Feeder: The CFD-DPM model for the feeder achieves an Rz of 0.9956, indicating a very
strong correlation between simulated and experimental data. Absolute error metrics (MSE
= 287.22 Pa?, RMSE = 16.947 Pa, MAE = 16.65 Pa) were slightly higher compared to
other components, while MAPE = 20.304% reflects moderate proportional accuracy. These
elevated errors were likely due to complex flow dynamics at the feeder inlet, where

particle acceleration and turbulence contribute to prediction variability.

Horizontal Pipes: For horizontal pipes, the model demonstrates excellent predictive
performance with Rz = 0.9968, confirming high agreement with experimental observations.
The error metrics (MSE = 67.324 Pa?2, RMSE = 8.2051 Pa, MAE = 7.5713 Pa, MAPE =
13.90%) were relatively low, indicating that the CFD-DPM model reliably captures
pressure drop behavior in straight horizontal sections. This demonstrates the model’s

capacity to simulate steady, uniform flow accurately.
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Vertical Pipes: The vertical pipe configuration also exhibits outstanding agreement with
experimental data, achieving R? = 0.9974. Errors were minimal, with MSE = 29.980 Pa?,
RMSE = 5.4753 Pa, MAE = 4.4699 Pa, and MAPE = 9.55%, reflecting the model’s high
precision in predicting vertical flow characteristics. The low absolute and proportional
errors indicate effective handling of gravitational effects and particle acceleration in
vertical flow paths.

90° Bends: The CFD-DPM model shows robust predictive capability for 90° bends, with
Rz = 0.9974 and the lowest absolute errors among all components (MSE = 27.191 Pa?,
RMSE = 5.2144 Pa, MAE = 4.1462 Pa). The MAPE of 13.99% indicates good relative
accuracy. These results confirm that the model effectively simulates curved flow paths and
associated energy losses due to momentum changes and secondary flow structures in
bends.

Cyclone Separator: For the cyclone separator, the model maintains high predictive
performance with Rz = 0.9910, while absolute errors (MSE = 206.892 Pa?, RMSE =
14.3837 Pa, MAE = 14 Pa) were slightly higher than in straight pipes and bends. MAPE =
9.09% remains low, suggesting acceptable proportional accuracy. The relatively higher
absolute errors reflect the complex swirling flow and particle separation mechanisms

characteristic of cyclonic motion, which introduce additional modeling challenges.

The CFD-DPM model demonstrates strong predictive capability across all system
components. While error magnitudes vary with the complexity of flow in each component,
consistently high R? values and low-to-moderate error metrics indicate the model was
reliable and valid for simulating pressure drops in the pneumatic conveyor system. The
results highlight the model’s robustness in both straight and curved pipelines, as well as in

complex cyclone flow, supporting its use for design and operational optimization.
4.2.8. Power loss across system components

Pressure drop in a pneumatic conveyor directly affects energy efficiency, influencing
power requirements and operating costs. Higher pressure drop increases resistance,
demanding more energy to maintain airflow and prevent blockages. Proper system design,
including pipe diameter and airflow rate, ensures efficient transport while minimizing

energy consumption. In a positive-pressure dilute-phase pneumatic conveying system for
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teff grain, the pressure drop across different system components was calculated from the
sum of the pressure drop across individual components.
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Figure 4.25. Power loss due to (a) feeder and (b) straight pipe
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Figure 4.26. Power loss due to (a) bend and (b) cyclone separator

The results show the effect of increasing inlet air velocity within the range of 12 to 28 m/s,
with a material flow rate of 0.009 to 0.1 kg/s and pipe diameters ranging from 46 to 71 mm
across various system components, including the feeder, horizontal and vertical pipelines,
90° bends, and the cyclone separator. Figure 4.31 power loss vs. inlet air velocity (a) at v
= 12-28 m/s, material flow rate ms = 0.009 - 0.1 kg/s and diameter D = 46 mm for feeder
and (b) v =12 - 28 m/s, material flow rate mg = 0.009 - 0.1 kg/sand D =46 mm and L =
6000 mm for horizontal and vertical pipe illustrate the relationship between inlet air

velocity and power loss in a positive-pressure dilute-phase pneumatic teff grain conveying
system.

Figure 4.32 power loss vs. inlet air velocity at (a) v = 12 - 28 m/s, material flow rate ms=
0.009 - 0.1 kg/s and D = 46 mm for bends (b) v =12-28 m/s, material flow rate ms = 0.009
- 0.1 kg/s and D = 150 mm for cyclone separator. Pressure drop across the full system was

shown in Figure 4.33. For a 46 mm diameter pipeline, the total length was 22.73 m,
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comprising an 18 m horizontal section, a 3 m vertical section, and an equivalent length of
1.73 m of bends. For a 71 mm diameter pipeline, the total length was 23.67 m, including

18 m horizontal, 3 m vertical, and an equivalent length of 2.67 m of bends.

P4 pg

Figure 4.27. The profile of pneumatic teff grain conveying system

Table 4.13. Pressure drop for D =46 mm and L=22.73 m

Inlet air Pressure drop(Pa) for D =46 mm, L=22.73 m

velocity Material flow rate

(M/s)  70.009(kg/s)  0.03(kgls) 0.044(kgls)  0.067(kg/s) 0.084(kg/s) _ 0.1(kgls)
12 2563 4104 5023 - - -

16 3073 4433 5710 - - -
18 3079 4781 5540 7308 - -
22 3463 5212 5980 7332 8521 10171
25 4039 5274 6350 7821 8562 9490
28 4210 5845 6335 8263 9080 9757

Table 4.14. Pressure drop for D =71 mm and L= 23.67 m

Inlet air Pressure drop(Pa) for D =71 mm, L=23.67 m

velocity Material flow rate

(m/s) 0.009(kg/s)  0.03(kg/s)  0.044(kg/s)  0.067(kg/s) 0.084(kg/s)  0.1(kg/s)
16 1652 2145 2383 2859 3250 3602
18 1750 2210 2496 2959 3172 3499
22 2025 2590 2880 3237 3463 3786
25 2348 2821 2852 3308 3639 3785
28 2644 2801 3093 3520 3682 4022

Table 4.13 shows that the results show that pressure drop increases with air velocity and
material flow rate. In the 46 mm pipe, it ranges from 2563 Pa at 12 m/s (0.009 kg/s) to
9757 Pa at 28 m/s (0.1 kg/s). Tables 4.14 highlight that the 71 mm pipe exhibits lower
pressure drops, 1652 Pa at 16 m/s (0.009 kg/s) and a maximum of 4022 Pa at 28 m/s (0.1
kg/s). These findings highlight that increasing air velocity and material flow rate result in a

higher pressure drop, but using a larger pipe diameter significantly reduces energy losses.

94



Selecting an appropriate pipe diameter and operating conditions was crucial for optimizing
the energy efficiency of pneumatic conveying systems.

4.2.9. Power requirements

The total power requirement of the pneumatic conveying system was calculated based on
the overall pressure drop that occurs as the conveying air and particles move through
different components. These include the feeder, horizontal and vertical pipelines, 90°
bends, and the cyclone separator. Each component contributes to the total resistance
depending on factors such as air velocity, pipe diameter, pipe length, and solid loading
ratio. The total pressure drop was obtained by summing the individual losses across all
system components, which reflects the overall resistance encountered by the conveying
airflow and particles. Accurate estimation of these pressure drops was essential for

determining the energy needed to operate the system efficiently.

Once the total pressure drop was known, the system power requirement was determined by
multiplying it by the volumetric airflow rate at the inlet of the conveying line. This value
represents the energy necessary to overcome flow resistance and maintain continuous
material transport. Figure 4.28 presents a summary of the calculated power requirements

under different operating conditions.
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Figure 4.28. Power required for D = 46 mm

Figure 4.28 highlights that power required: Figure 4.28 (a) D = 46 mm, v = 18 - 28 m/s, m
= 0.067 kg/s, and n = 0.7, and Figure 4.28 (b) power required for D = 46 mm, ms = 0.009
kg/s - 0.067 kg/s, v=28 m/s, and n = 0.7.
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Figure 4.29. Power required for D =71 mm

Figure 4.29 indicates the power required: Figure 4.29 (a) D = 71 mm, v = 16-28 m/s, ms =
0.1 kg/s, and n = 0.7 and Figure 4.29 (b) power required for D = 71 mm, ms = 0.0009 kg/s -
0.1 kg/s, v=28m/s, and n=0.7.
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Figure 4.30. Power required for D = 102 mm

Figure 4.30 indicates that the power required: Figure 4.30 (a) D = 102 mm, v = 16-28 m/s,

ms = 0.28 kg/s, and n = 0.7, Figure 4.30 (b) power required for D = 102 mm, ms = 0.009
kals - 0.28 kg/s, v = 28 m/s, and n = 0.7.

Figures 4.28-4.30 illustrate that the power requirement for the system was directly
dependent on the airflow rate, material flow rate, pipe size, and total pressure drop in the
system. As airflow rate and material flow rate increase, and for smaller pipe sizes, pressure

drop increases, and energy required also increases, and vice versa for the same operating
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condition. Therefore, optimizing system parameters was a key consideration in the design

of an energy-efficient pneumatic conveyor system for teff grain.
4.3. Results and discussions on artificial neural network model

4.3.1. Size of data for ANN model

The application of an artificial neural network demonstrated significant advantages over
traditional statistical models for predicting pressure drop in the pneumatic conveying
system. The ANN proved capable of accurately capturing the complex, non-linear
relationships between the independent variables air velocity, material flow rate, pipe
diameter, cyclone diameter, pipe length, and pipe layout, and the dependent variable of
pressure drop. This superior performance was consistent with previous findings
(Alizadehdakhel et al., 2009; Zhao & Su, 2010; Ghode et al., 2017; Jardon et al., 2019;
Shadloo et al., 2020; Haghighi et al., 2020) and was further validated through direct
comparison with regression models. As evidenced in APPENDIX D and APPENDIX E,
the nonlinear multiple regression models demonstrated substantially poorer accuracy
compared to the full ANN model, confirming the ANN's enhanced capability in modeling
the intricate dynamics of pneumatic teff grain conveyance.

Table 4.15. Data size for ANN model

Components Laboratory test results CFD-DPM simulation result Total
Feeder 245 283 528
Horizontal pipe 249 465 714
Vertical pipe 176 472 648
Bends 240 480 720
Cyclone separator 248 292 540
Total 1158 1992 3150
Percentage (%) 36.76 63.24 100

Table 4.15 presents the data size used for an ANN model, categorizing it into experimental
(laboratory results) and CFD-DPM Simulation data. The total dataset consists of 3,150
data points, with 1,158 (36.76%) from experiments and 1,992 (63.24%) from simulations.
Data was distributed across different components: the feeder has 528 data points (245
experimental, 283 simulations), the horizontal pipe has 714 (249 experimental, 465
simulations), the vertical pipe has 648 (176 experimental, 472 simulations), the bends have
720 (240 experimental, 480 simulations), and the cyclone separator has 540 (248

experimental, 292 simulations). CFD-DPM simulation contributes more data than
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experimental results due to its flexibility, higher level of detail compared to experiments,
and its role in enhancing the robustness and generalizability of the ANN model.

4.3.2. K-Fold cross-validation

K-Fold cross-validation was performed using the metrics such as R-squared, MSE, RMSE,
MAE, and MAPE for K = 6 and n = 10. This validation was applied to the feeder,
horizontal pipelines, vertical pipelines, 90° bends, and cyclone separators to evaluate
model performance and generalization.

Table 4.16. K-Fold cross-validation metrics of feeder for (K =6 and n = 10)

Evaluation metrics Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Average
R-squared 0.9891 0.9907 0.9935 0.9901  0.9795 0.9879 0.9884
MSE 2406.58 1814.24 1357.02 1813.85 2989.53  2251.01 2105.37
RMSE 49.0570 42.5939 36.8378 42.5894 54.6766  47.4449 45.5333
MAE 37.892 33.9712 29.3039 33.2290 43.6332  36.1580 35.6980
MAPE 9.2228 7.6727 6.6583 6.8618 10.2480  7.8364 8.0834

Table 4.16 presents the K-Fold cross-validation results of the ANN model for the feeder
component using K = 6 and n = 10. Metrics include R?, MSE, RMSE, MAE, and MAPE,
which evaluate the model’s predictive consistency across multiple validation folds in Table
3.4 (Akoglu, 2018; Hange et al., 2020; Jierula et al., 2021).

The ANN model demonstrates consistent predictive performance across all folds. R2 values
range from 0.9795 to 0.9935, with an average of 0.9884, indicating a very strong fit
between predicted and actual pressure drop values. This confirms that the model
generalizes well across different subsets of the data.

Error metrics further support the model’s reliability. MSE values range from 1357.02 to
2989.53 Pa?, reflecting moderate absolute prediction errors across folds. RMSE values
vary between 36.84 Pa and 54.68 Pa, demonstrating reasonable deviations from the
observed data. MAE values range from 29.30 Pa to 43.63 Pa, indicating fairly low average
errors, while MAPE ranges from 6.66% to 10.25%, suggesting the model maintains good

proportional accuracy across folds.

Overall, the K-Fold cross-validation confirms that the ANN model for the feeder was
robust and reliable, with low to moderate absolute and relative errors. The consistency of
R2 and error metrics across folds demonstrates that the model can effectively predict feeder
pressure drops under varying data subsets, reinforcing its suitability for practical

applications in pneumatic conveyor system design and optimization.
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Table 4.17. K-Fold cross-validation metrics of horizontal pipe for (K = 6 and n = 10)

Evaluation metrics  Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Average
R-squared 0.9611 0.9471 0.9774 0.9713 0.8931 0.9689 0.9532
MSE 11630.67 11284.88 5395.14  6576.20  23800.59 9387.28 11345.7
RMSE 107.8456 106.2303 73.4517  81.0938  154.2744 96.8880 103.297
MAE 69.9476  81.6370  52.1029  54.6237  119.5923  70.1089 74.6687
MAPE 11.0982 18.8553 10.4561 10.2994  27.9275 12.2097 15.1411

Table 4.17 summarizes the K-Fold cross-validation metrics for the ANN model predicting
pressure drops in horizontal pipes, with K = 6 and n = 10. Metrics include R?, MSE,
RMSE, MAE, and MAPE, which collectively assess the model’s consistency and
predictive accuracy across multiple folds was as shown in Table 3.4 (Akoglu, 2018; Hange
et al., 2020; Jierula et al., 2021).

The ANN model demonstrates moderate variability in predictive performance across folds.
R2 values range from 0.8931 to 0.9774, with an average of 0.9532, indicating a fairly
strong fit overall but reduced consistency compared to the feeder component. This
variability suggests that certain data subsets may be more challenging for the model,
potentially due to variations in material flow or local turbulence effects in horizontal

pipelines.

Error metrics reflect this variation. MSE spans from 5395.14 Pa2 to 23800.59 Pa2, with
RMSE ranging from 73.45 Pa to 154.27 Pa, showing that some folds exhibit significantly
larger deviations from the observed data. MAE values vary between 52.10 Pa and 119.59
Pa, while MAPE ranges from 10.46% to 27.93%, indicating that proportional accuracy was

less stable compared to the feeder.

Cross-validation for horizontal pipes shows a generally good fit, but with higher variability
and errors than the feeder, highlighting challenges in modeling pressure drops and the
potential need for improved feature engineering or model tuning.

Table 4.18. K-Fold cross-validation metrics of vertical pipe for (K =6 and n = 10)

Evaluation metrics Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Average

R-squared 0.9766 0.9885 0.9886 0.9661 0.9642 0.9728 0.9761
MSE 5338.79 405436  3465.50 7757.88 7557.12  9986.59 6360.04
RMSE 73.0671 63.6739  58.8686  88.0788  86.9317  99.9330 78.4255
MAE 52.2277 483086  46.5679 68.1661 67.2827  69.3615 58.6524
MAPE 12.9783 17.3946 10.6120 129865 15.7130 14.4268 14.0185

Table 4.18 presents the K-Fold cross-validation results for the ANN model predicting
pressure drops in vertical pipes with K = 6 and n = 10. Metrics include R?, MSE, RMSE,
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MAE, and MAPE, which collectively evaluate model consistency and predictive accuracy
across multiple folds as highlighted in Table 3.4 (Akoglu, 2018; Hange et al., 2020; Jierula
etal., 2021).

The model demonstrates strong predictive performance across all folds. R2 values range
from 0.9642 to 0.9886, with an average of 0.9761, indicating that the model effectively
captures the variance in experimental data and provides a strong fit for vertical pipeline
pressure drops.

Error metrics show moderate absolute deviations. MSE ranges from 3465.50 Pa? to
9986.59 Pa?, while RMSE varies between 58.87 Pa and 99.93 Pa, reflecting reasonable
differences between predicted and observed values. MAE values, ranging from 46.57 Pa to
69.36 Pa, indicate fairly low average errors, and MAPE values vary from 10.61% to

17.39%, demonstrating good proportional accuracy across folds.

Overall, the cross-validation results indicate that the ANN model for vertical pipes was
reliable and accurate. The model maintains strong predictive power and consistent
performance, even with varying data subsets, highlighting its suitability for modeling
vertical flow sections in pneumatic conveyor systems.

Table 4.19. K-Fold cross-validation metrics of bends for (K =6 and n = 10)

Evaluation metrics  Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average
R-squared 0.9567 0.9438 0.9606 0.9357 0.9637 0.9521
MSE 695.053  822.63 759.60 986.65 725.60 797.91
RMSE 26.3639  28.6817 27.5609 31.4110 26.9371 28.1909
MAE 17.9154  18.3707 18.0400 20.5225 17.9942 18.5686
MAPE 13.5950  12.2889 11.2634 13.3343 12.1628 12.5289

Table 4.19 presents the K-Fold cross-validation metrics for the ANN model predicting
pressure drops across 90° bends, with K = 6 and n = 10. Metrics include Rz, MSE, RMSE,
MAE, and MAPE, which collectively assess the model’s accuracy and consistency across
multiple validation folds as indicated in Table 3.4 (Akoglu, 2018; Hange et al., 2020;
Jierula et al., 2021).

The model demonstrates a fairly strong fit across folds, with R? values ranging from
0.9357 to 0.9637 and an average of 0.9521. Although slightly lower than other system
components, these values indicate that the ANN effectively captures the pressure drop

behavior in curved flow sections.
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Error metrics were relatively consistent across folds. MSE ranges from 695.05 Pa? to
986.65 Pa?, while RMSE values range from 26.36 Pa to 31.41 Pa, reflecting reasonably
small deviations from observed data. MAE values vary from 17.92 Pa to 20.52 Pa, and
MAPE ranges from 11.26% to 13.59%, showing that the model maintains good
proportional accuracy even in curved pipe sections where flow dynamics were more

complex.

K-Fold validation confirms that the ANN model for 90° bends was reliable and provides
reasonable predictive accuracy. Despite the slightly lower RZ compared to other
components, the error metrics indicate that the model can effectively predict pressure drops
in bends, supporting its use for practical applications in pneumatic conveyor design.

Table 4.20. K-Fold cross-validation metrics of cyclone separator for (K = 6 and n = 10)

Evaluation metrics Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average
R-squared 0.9675 0.9566 0.9493 0.9710 0.9406 0.9570
MSE 5245.32 6330.11 7983.04 3779.43 6513.14 5970.21
RMSE 72.4246 79.5620 89.3479 61.4771 80.7041 76.7031
MAE 57.4013 62.0486 64.5142 443110 67.8268 59.2204
MAPE 9.6482 16.3478 10.2761 8.2392 27.6522 14.4327

Table 4.20 presents the K-Fold cross-validation results for the ANN model predicting
pressure drops in the cyclone separator, with K = 6 and n = 10. The table includes Rz,
MSE, RMSE, MAE, and MAPE, which collectively assess the consistency and accuracy of
the model across multiple validation folds as shown in Table 3.4 (Akoglu, 2018; Hange et
al., 2020; Jierula et al., 2021).

The ANN model demonstrates a reasonably strong fit, with R2 values ranging from 0.9406
to 0.9710 and an average of 0.9570, indicating that the model captures the main patterns in
cyclone separator pressure drop data. Error metrics vary across folds: MSE ranges from
3779.43 Pa? to 7983.04 Pa?, RMSE from 61.48 Pa to 89.35 Pa, MAE from 44.31 Pa to
67.83 Pa, and MAPE from 8.24% to 27.65%. The larger spread in MAPE values suggests
that the model’s relative accuracy was less consistent in some folds, likely due to the
complex swirling flow and particle separation mechanisms inherent to the cyclone

separator.

Across all system components, the neural network model demonstrates generally strong

performance. The feeder exhibits the highest consistency, with high R? values and low
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errors, whereas the horizontal pipelines and cyclone separator show greater variability,
indicating slightly less stable predictive performance for these components.

The K-Fold cross-validation analysis confirms that the ANN model demonstrates robust
predictive performance across all components of the pneumatic teff grain conveying
system, including the feeder, horizontal and vertical pipelines, 90° bends, and cyclone
separator. The feeder exhibited the most consistent predictions, with high R? values
(0.9795-0.9935) and low error metrics (MSE, RMSE, MAE, and MAPE), indicating
excellent model generalization across folds. Vertical pipelines and 90° bends also showed
strong predictive capabilities, with average R? values of 0.9761 and 0.9521, respectively,
and moderate absolute and relative errors, highlighting reliable performance even under

varying flow conditions.

Horizontal pipelines and the cyclone separator displayed slightly higher variability in
errors and lower consistency in proportional accuracy (R? averages of 0.9532 and 0.9570,
respectively), likely due to more complex flow dynamics, turbulence, and particle
separation effects. Despite these variations, the model maintained overall strong predictive
power and reasonable error magnitudes, demonstrating its suitability for practical

applications.

Overall, the K-Fold cross-validation confirms that the ANN model was robust, reliable,
and capable of generalizing across different data subsets, making it effective for accurately

predicting pressure drops in all major components of the pneumatic conveyor system.
4.3.3. Hyperparameter tuning of neural network fitting

Hyperparameter tuning of neural network fitting was carried out by carefully assessing key
parameters such as fold number, number of neurons, and R-squared values through detailed
contour plots. These visualizations allowed for a systematic evaluation of how changes in
network architecture and training configurations influenced model performance.
Additionally, data splitting strategies, neuron count variations, and R-squared trends were
analyzed for different components of the pneumatic teft grain conveying system, including
the feeder, horizontal and vertical pipelines, 90° bends, and cyclone separators. By
examining each component individually, the study ensured that the model could capture
the distinct behaviors and dynamics associated with different sections of the conveying

system.
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The primary goal of this parameter tuning process was to determine the ideal combination
of neuron numbers and data split sizes to maximize the neural network’s predictive
accuracy. Fine-tuning these parameters enabled the model to more effectively learn the
complex relationships between input variables such as air velocity, material flow rate, and
system geometry, thereby enhancing its ability to simulate pressure drop and airflow
characteristics accurately. These adjustments not only improved the overall performance of
the model but also ensured that predictions remained reliable and consistent across
different operating conditions and system components, providing a robust model for

designing and optimizing pneumatic conveying of teff grain.
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Figure 4.31. The optimum number of neurons and data split size for feeder

For the feeder model shown in Figure 4.31(a) and Figure 4.31(b), the hyperparameter
configuration for the neural network was determined to be 10 neurons (n = 10) and a 3-fold
cross-validation (K = 3). This configuration yielded the highest R-squared value when
using a 75/10/15 data split for training, validation, and testing, respectively. Therefore, to
maximize model accuracy and ensure good generalization, the neural network fitting

model was implemented with n = 10 and the specified 75/10/15 data split.
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Figure 4.32. The optimum number of neurons and data split size for horizontal pipe

For the horizontal pipe model shown in Figure 4.32(a) and Figure 4.32(b), the
hyperparameter configuration for the neural network was determined to be 12 neurons (n =
12) and a 5-fold cross-validation (K = 5). This configuration yielded the highest R-squared
value when using a 60/20/20 data split for training, validation, and testing, respectively.
Therefore, to maximize model accuracy and ensure good generalization, the neural

network fitting model was implemented with n = 12 and the specified 60/20/20 data split.
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Figure 4.33. The optimum number of neurons and data split size for vertical pipe

For the vertical pipe model shown in Figure 4.33(a) and Figure 4.33(b), the
hyperparameter configuration for the neural network was determined to be 18 neurons (n =
18) and a 1-fold cross-validation (K = 1). This configuration yielded the highest R-squared
value when using a 90/5/5 data split for training, validation, and testing, respectively.
Therefore, to maximize model accuracy and ensure good generalization, the neural

network fitting model was implemented with n = 18 and the specified 90/5/5 data split.
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Figure 4.34. The optimum number of neurons and data split size for bends
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For the 90° bends model shown in Figure 4.34(a) and Figure 4.34(b), the hyperparameter
configuration for the neural network was determined to be 12 neurons (n = 12) and a 6-fold
cross-validation (K = 6). This configuration yielded the highest R-squared value when
using a 90/5/5 data split for training, validation, and testing, respectively. Therefore, to
maximize model accuracy and ensure good generalization, the neural network fitting

model was implemented with n = 12 and the specified 90/5/5 data split.
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Figure 4.35. The optimum number of neurons and data split size for cyclone separator

For the cyclone separator model shown in Figure 4.35(a) and Figure 4.35(b), the
hyperparameter configuration for the neural network was determined to be 18 neurons (n =
18) and a 3-fold cross-validation (K = 3). This configuration yielded the highest R-squared
value when using an 80/10/10 data split for training, validation, and testing, respectively.
Therefore, to maximize model accuracy and ensure good generalization, the neural
network fitting model was implemented with n = 18 and the specified 80/10/10 data split.
Table 4.21. ANN neurons and data split for system components

System component Number of neurons Dataset split
Feeder 10 75/10/15
Horizontal pipes 10 60/20/20
Vertical pipes 10 75/10/15
90° Bends 10 90/05/05
Cyclone separator 10 65/20/15

Table 4.21 summarizes the ANN configurations for different system components: feeder
(75/10/15), horizontal pipes (60/20/20), vertical pipes (75/10/15), 90° bends (90/5/5), and
cyclone separator (65/20/15). Each component used 10 hidden neurons, balancing model
complexity with data size (528-714 samples) based on the 10x parameters rule (Alwosheel
et al., 2018). Varying data splits optimized training, validation, and generalizability. The
Levenberg-Marquardt algorithm was selected for its efficiency and adaptability. In
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MATLAB’s nntool, the correlation coefficient was shown as (R) in figures but interpreted

as (r).
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Figure 4.36. ANN model for feeder
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In Figure 4.36(a-c), for a feeder with diameters of 46, 71, and 102 mm, velocities of 12-28
m/s, and mass flow rates of 0.009-0.28 kg/s, the ANN model achieved its best validation
with an MSE of 1840.06 at epoch 9. The model showed excellent fit with training r =
0.98577, validation r = 0.98455, test r = 0.98494, and overall r = 0.98568, indicating
accurate pressure drop predictions. The error histogram ranged from -167.2 to 115.1,
reflecting minimal deviation between predicted and actual values.
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Figure 4.37. ANN model for horizontal pipe
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Figure 4.37(a-c) shows horizontal pipelines with diameters of 46, 71, and 102 mm, lengths
of 2000, 4000, and 6000 mm, velocities of 12-28 m/s, and mass flow rates of 0.009-0.28
kg/s. The best validation occurred at epoch 44 with an MSE of 7983.56. While slightly less
optimal than the feeder, the model still performed well with training r = 0.98931,
validation r = 0.98445, test r = 0.9828, and overall r = 0.98763. The error histogram ranged
from -307.9 to 425.7, showing a wider spread but acceptable prediction accuracy,

capturing the horizontal pipeline’s behavior effectively.

Best Validation Performance is 7218.2207 at epoch 86 Error Histogram with 20 Bins
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Figure 4.38. ANN model for vertical pipe

108



Figure 4.38(a-c) shows vertical pipelines with diameters of 46, 71, and 102 mm, lengths of
2000, 4000, and 6000 mm, velocities of 12-28 m/s, and mass flow rates of 0.009-0.28 kg/s.
Over 92 epochs, the best validation occurred at epoch 86 with an MSE of 7218.22. r-values
were slightly lower than other components training r = 0.99171, validation r = 0.98761,
test r = 0.98979, and overall r = 0.99079 but still indicated strong predictive accuracy. The
error histogram ranged from -252.2 to 241.2, showing small deviations and effective

pressure drop prediction for the vertical pipeline.

Best Validation Performance is 460.0473 at epoch 22 Error Histogram with 20 Bins
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Figure 4.39. ANN model for bends
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Figure 4.39(a-c) shows 90° bends with diameters of 46 and 71 mm, layouts H-H, H-V UP,
V-H LEFT, H-V DOWN, V-H RIGHT, velocities of 12-28 m/s, and mass flow rates of
0.009-0.28 kg/s. After 28 epochs, the best validation occurred at epoch 22 with an MSE of
460.05. The model showed excellent fit with training r = 0.99235, validation r = 0.98863,
test r = 0.98559, and overall r = 0.99094. The error histogram ranged from -92.51 to 126.5,
confirming minimal deviation and high predictive accuracy for pressure drop across the

bends.
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Lastly, Figure 4.40(a-c) illustrates the performance of the cyclone separator at cyclone
diameter (D) = 150 mm, 180 mm, and 200 mm, air velocity (v) = 12 - 28 m/s, mass flow
rate (ms) = 0.009 - 0.28 kg/s, Figure 4.40(a) showed the best validation performance at
epoch 20, with an MSE of 5381.6167 after 14 epochs. Figure 4.40(c) the model achieved a
training (r = 0.98288), a validation (r = 0.97898), a test (r = 0.97225), and all (r = 0.98061).
Figure 4.40(b) error histogram ranged from -314.6 to 388.7, indicating slight variability but

overall acceptable precision in predicting the pressure drop for this component.
4.3.4. Performance evaluation of neural network fitting model

Performance of the ANN model was evaluated through metrics: R-Square (R?), Mean
Squared Error (MSE), Mean Absolute Error (MAE), Root Mean Square Error (RMSE),
Mean Absolute Percentage Error (MAPE) (%), and their relative versions (Relative MAE,
Relative MSE, and Relative RMSE). These metrics assess the performance of neural
network prediction accuracy, error magnitudes, and variability, which provides a
comprehensive evaluation approach.

Table 4.22. Performance of the neural network for prediction

Evaluation metrics  Feeder Horizontal pipes  Vertical pipes 90°Bends  Cyclone separator
r 0.98568  0.98763 0.99079 0.99094 0.98601
R? 0.97158  0.97541 0.98167 0.98196 0.97222
MSE 1840.05  7983.56 7218.22 460.0473 5381.61
MAE 299178  64.48 64.79 13.2658 30.5056
RMSE 39.0647  89.347 82.7 21.142 73.359
MAPE 6.3092 11.36 24.66 10.124 6.3484
Relative MAE 0.0431 0.055 0.0877 0.0825 0.0397
Relative MSE 0.0081 0.00741 0.0125 0.0173 0.0026
Relative RMSE 0.0563 0.08 0.112 0.1315 0.0508

Table 4.22 presents the regression metrics of the ANN model for the feeder, horizontal
pipes, vertical pipes, 90° bends, and cyclone separator. The metrics include MSE, MAE,
RMSE, MAPE, and relative errors. To interpret these results, the performance thresholds
provided in Table 3.4 (Akoglu, 2018; Hange et al., 2020; Jierula et al., 2021; Uyeh et al.,
2022; Chicco et al., 2021) were used.

Feeder. The ANN model for the feeder exhibits exceptional predictive accuracy in
estimating pressure drop. The correlation coefficient (r = 0.98568) and the coefficient of
determination (R? = 0.97158) indicate a very strong relationship and explain approximately
97% of the variance, consistent with an excellent model fit. The MSE of 1840.05 Pa?,
MAE of 29.92 Pa, and RMSE of 39.06 Pa demonstrate high precision and minimal error
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magnitude. The MAPE of 6.31% confirms strong relative accuracy and consistency, while
the low relative errors (Relative MAE = 0.0431, Relative MSE = 0.0081, Relative RMSE =
0.0563) reinforce the robustness of the model predictions (Hange et al., 2020). These

results suggest that the ANN can reliably guide feeder design and operational control.

Horizontal Pipes: For horizontal pipes, the ANN model demonstrates excellent
performance with r = 0.98763 and R? = 0.97541, showing a near-perfect correlation and
high explanatory power. The MSE of 7983.56 Pa2, MAE of 64.48 Pa, and RMSE of 89.35
Pa indicate moderate absolute errors, which were acceptable given the system’s complexity
from Table 3.4. A MAPE of 11.36% falls in the “good accuracy” range, confirming
reliable relative prediction. Relative errors (Relative MAE = 0.055, Relative MSE =
0.00741, Relative RMSE = 0.08) further demonstrate the model’s effectiveness in
capturing pressure drop behavior, making it suitable for horizontal pipe system design and

analysis (Jierula et al., 2021).

Vertical Pipes: The ANN model for vertical pipes achieves excellent predictive
performance with r = 0.99079 and R2 = 0.98166, explaining about 98.2% of the variance in
pressure drop. The MSE of 7218.22 Pa?, MAE of 64.79 Pa, and RMSE of 82.70 Pa
indicate consistent prediction quality. The MAPE of 24.66% was within the “acceptable
accuracy” range in Table 3.4, reflecting expected variability due to gravity-driven flow and
particle settling in vertical pipes. Relative errors (Relative MAE = 0.0877, Relative MSE =
0.0125, Relative RMSE = 0.112) confirm that the ANN can effectively predict pressure
drops despite flow complexities (Jierula et al., 2021). These results highlight that vertical
pipe predictions were reliable, though designers may consider slight variability in system

optimization.

90° Bends: The ANN model for 90° bends shows strong predictive accuracy with r =
0.99094 and Rz = 0.98196, capturing approximately 98.2% of the variance. Low error
metrics (MSE = 460.05 Pa?, MAE = 13.27 Pa, RMSE = 21.14 Pa) reflect precise
predictions. The MAPE of 10.12% falls in the “good accuracy” range, while relative errors
(Relative MAE = 0.0825, Relative MSE = 0.0173, Relative RMSE = 0.1315) indicate
consistent model performance even in the complex curved flow paths of bends. This

demonstrates the ANN’s suitability for predicting pressure drops in bend sections.
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Cyclone Separator: For the cyclone separator, the ANN exhibits strong predictive
performance with r = 0.98601 and R? = 0.97223, explaining 97.2% of the variance. Error
metrics MSE = 5381.61 Pa?, MAE = 30.51 Pa, RMSE = 73.36 Pa reflect high precision.
The MAPE of 6.35% was within the “excellent accuracy” range from Table 3.4, and
relative errors (Relative MAE = 0.0397, Relative MSE = 0.0026, Relative RMSE =
0.0508) confirm the reliability of predictions. These results demonstrate that the ANN can

effectively model the cyclone separator’s complex flow behavior (Jierula et al., 2021).

Across all components, the ANN consistently demonstrates very high to good predictive
accuracy according to Table 3.4 benchmarks. Only vertical pipes show slightly higher
variability due to inherent flow dynamics, while all other components exhibit low errors
and high robustness. This validates the ANN model as a reliable tool for predicting
pressure drops, supporting the design, optimization, and operational control of the

pneumatic conveyor system.
4.3.5. Comparative analysis between ANN model and new experimental data

In this study, a dedicated Simulink ANN simulation block was developed to predict the
behavior of a pneumatic teff grain conveying system with combined CFD-DPM and
experimental data. The model generated predictive results, which were then compared with
a new set of experimental data not used during training, for each system component: for
feeder (50), for horizontal pipes (50), for vertical pipes (50), for bends (50), and for
cyclone separator (50) data were used. This approach simulated real-world deployment,
where the model must handle previously unseen operating conditions. The comparison
provided insights into the model’s generalization ability and its effectiveness in replicating
actual system performance, as presented in Table 4.24.

Table 4.23. Evaluation of ANN model performance using new experimental data

Evaluation metrics Feeder Horizontal pipes  Vertical pipes  90° Bends Cyclone separator

r 0.9802 0.98763 0.9875 0.9908 0.9863
R? 0.9608 0.97541 0.9752 0.9792 0.9727
MSE 1220.1 1933.16 2,685.6 570.63 1264.30
MAE 34.93 43.9666 56.1 23.89 27.2231
RMSE 26.45 33.2308 35.4 14.64 35.5550
MAPE 24.63 18.01 16.64 13.632 22.38
Relative MAE 0.0244  0.0311 0.0564 0.0612 0.02342
Relative MSE 0.010  0.017 0.015 0.0674 0.093
Relative RMSE 0.0323  0.0412 0.058 0.0999 0.03059
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Table 4.23 shows the ANN model’s predictive performance with new experimental data.
Metrics include MSE, MAE, RMSE, MAPE, and relative errors. Interpretation follows the
performance benchmarks of Table 3.4 (Akoglu, 2018; Chicco et al., 2021; Jierula et al.,
2021; Hange et al., 2020; Uyeh et al., 2022), allowing assessment of both absolute and
proportional prediction accuracy.

Feeder: The ANN model demonstrated strong predictive capability for the feeder, with a
high correlation coefficient (r = 0.9802) and R2 = 0.9608, indicating a very strong
relationship. Absolute errors (MSE = 1220.1 Pa2, RMSE = 26.45 Pa, MAE = 34.93 Pa)
were low, reflecting precise predictions. The MAPE of 24.63% falls in the “acceptable
accuracy” range of Table 3.4 (Jierula et al., 2021), indicating slightly reduced proportional
accuracy. Relative errors (Relative MAE = 0.0244, Relative RMSE = 0.0323) confirm
effective performance on a scaled basis. The slightly lower Rz compared to other
configurations suggests mild underfitting, pointing to opportunities for additional feature

engineering or data refinement.

Horizontal Pipes: Horizontal pipes exhibit very strong predictive performance, with r =
0.98763 and Rz = 0.97541, explaining about 97.5% of the variance. Absolute errors (MSE
= 1933.16 Pa?, RMSE = 33.23 Pa, MAE = 43.97 Pa) were slightly higher than the feeder
but remain within acceptable limits. The MAPE of 18.01% indicates good proportional
accuracy, and relative errors (Relative MAE = 0.0311, Relative RMSE = 0.0412) show
stable performance across the data range. This configuration demonstrates reliable and

consistent predictions suitable for applications requiring balanced accuracy.

Vertical Pipes: Vertical pipes show slightly weaker performance compared to other
configurations, with r = 0.9875 and R2z = 0.9752. Absolute errors (MSE = 2685.6 Pa?,
RMSE = 35.4 Pa, MAE = 56.1 Pa) were higher, likely due to outliers or complex vertical
flow dynamics. MAPE = 16.64% indicates good proportional accuracy, while relative
errors (Relative MAE = 0.0564, Relative RMSE = 0.058) suggest minor scaling
challenges. The results indicate the ANN predicts vertical pipe pressure drops effectively

but may benefit from additional preprocessing or model refinement.

90° Bends: The ANN achieves the best absolute error performance for 90° bends, with
MSE = 570.63 Pa?, RMSE = 14.64 Pa, and MAE = 23.89 Pa. Correlation metrics (r =
0.9908, R? = 0.9792) indicate an excellent fit. MAPE = 13.63% reflects slightly higher
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proportional error due to small absolute pressure values, while relative RMSE = 0.0999
remains acceptable. These results highlight the ANN’s high precision in predicting

pressure drops through bends, ideal for applications prioritizing absolute accuracy.

Cyclone Separator: The cyclone separator shows strong proportional accuracy, with MAPE
= 22.38%, and correlation metrics of r = 0.9863 and R2 = 0.9727. Absolute errors (MSE =
1264.30 Pa?, RMSE = 35.56 Pa, MAE = 27.22 Pa) were moderate, and relative errors
(Relative MAE = 0.0234, Relative RMSE = 0.0306) were the lowest among all
components, confirming excellent scaled performance. These results indicate the ANN

reliably models complex cyclone flow behavior.

ANN demonstrates high predictive performance across all components, with excellent
correlation and R2 values. Absolute errors were lowest in 90° bends, while proportional
accuracy was strongest in the cyclone separator. Vertical pipes exhibit higher absolute
errors, reflecting inherent flow complexities. The findings confirm the ANN’s suitability
for both absolute and proportional predictions, supporting its use in system design,
optimization, and operational control. The CFD-DPM model demonstrated excellent

predictive performance for the pneumatic conveying of teff grain in a dilute-phase system.

As shown in Table 4.12, the model achieved R? values between 0.99096 and 0.9974 across
all sections of the conveyor, including the feeder, horizontal and vertical pipes, 90° bends,
and cyclone separator. The low RMSE and MAPE values indicate precise simulation of
particle behavior, flow dynamics, and pressure loss throughout the system. This makes
CFD-DPM particularly suitable for the detailed analysis and design optimization of
pneumatic teff grain conveyors, especially when high-fidelity modeling of particle-fluid

interactions was required.

ANN model with combined CFD-DPM and experimental results in Table 4.22; it also
demonstrated strong predictive capability across all conveyor sections. While slightly
lower in accuracy, evidenced by R? values ranging from 0.970 to 0.981 and moderately
higher error metrics, the ANN effectively captured the general trends in particle flow and

system behavior.

Furthermore, its evaluation against new experimental data in Table 4.23 revealed improved
generalization, with R2 values consistently above 0.96 and MAPE mostly below 6.5%.
This suggests that the ANN model can reliably predict the performance of a pneumatic teff
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grain conveyor under varying operating conditions when trained with representative

datasets.
(a) CFD-DPM vs. Experimental (b) ANN vs. Experimental + CFD-DPM
Horizontal pipes Horizontal pipes
| 0.998

Vertical pipes Vertical pipes

0.997 0.981

0.995 0.971
Feeder Feeder
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Cyclone separator Cyclone separator
| r R MAPE (%) |
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0.979
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Figure 4.41. Comparison of CFD-DPM and ANN models with Experimental results

Figure 4.41(a) compares CFD-DPM simulations with experimental results. The model
shows excellent agreement across all components: feeder (r = 0.998, R2 = 0.996, MAPE =
0.203%), horizontal pipes (r = 0.998, Rz = 0.997, MAPE = 0.139%), vertical pipes (r =
0.999, Rz =0.997, MAPE = 0.096%), bends (r = 0.999, Rz = 0.997, MAPE = 0.140%), and
cyclone separator (r = 0.996, R2=0.991, MAPE = 0.091%). The high correlations and very
low errors indicate that CFD-DPM accurately captures system behavior, confirming the
model’s reliability (Akoglu, 2018; Hange et al., 2020; Jierula et al., 2021).
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Figure 4.41(b) presents ANN predictions against the combined dataset of experimental and
CFD-DPM results. The ANN demonstrates strong performance: feeder (r = 0.986, R? =
0.972, MAPE = 0.063%), horizontal pipes (r = 0.988, Rz = 0.975, MAPE = 0.114%),
vertical pipes (r = 0.991, Rz = 0.982, MAPE = 0.247%), bends (r = 0.991, R2 = 0.982,
MAPE = 0.101%), and cyclone separator (r = 0.986, Rz = 0.972, MAPE = 0.063%). These
results indicate that the ANN effectively learned from the enriched dataset, capturing

underlying flow patterns with high fidelity (Chicco et al., 2021; Jierula et al., 2021).

Figure 4.41(c) shows ANN predictions compared with experimental data not included in
training. Performance remains strong, though slightly lower: feeder (r = 0.980, R? = 0.961,
MAPE = 0.246%), horizontal pipes (r = 0.988, R? = 0.975, MAPE = 0.180%), vertical
pipes (r = 0.988, R?2 = 0.975, MAPE = 0.166%), bends (r = 0.991, R2 = 0.979, MAPE =
0.136%), and cyclone separator (r = 0.986, R2 = 0.973, MAPE = 0.224%). These results
demonstrate good generalization to unseen data, confirming the ANN’s robustness and

predictive capability (Akoglu, 2018; Chicco et al., 2021).

Overall, the ANN trained on combined data effectively balances accuracy, speed, and cost.
Accuracy ranking follows: experimental > CFD-DPM > ANN (combined) > ANN (new
data), while efficiency ranking was reversed: ANN > CFD-DPM > experimental. This
shows that the ANN provides a practical, low-cost alternative, with slightly lower precision
compared to CFD-DPM but strong overall predictive capability.
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5. CONCLUSIONS AND RECOMMENDATIONS

5.1. Conclusions

The study explores pneumatic conveying characteristics of teff grain with an emphasis on

determining key engineering properties, designing, and constructing the system. The

selection of an appropriate conveying phase, investigation of pneumatic conveying

characteristics, and development of predictive models for pressure drop across key system

components. Based on these findings, the following conclusions were drawn:

Engineering properties of teff grain those were relevant to its pneumatic conveying
characteristics such as particle size, density, sphericity, terminal velocity, and angle
of repose were thoroughly determined and analyzed. These properties were utilized
in this research for the design and modeling of the pneumatic conveying system to
ensure accurate prediction of pressure drop. The findings revealed that teff grains
possess a mean particle diameter ranging from 0.68-0.72 mm, particle density
between 1120-1381 kg/m?, sphericity values of 0.67-0.69, terminal velocity of
approximately 3.6 m/s, and an angle of repose ranging from 20.2-23.8°. When
compared with other cereal grains, teff exhibited slight variations in sphericity,
particle density, and angle of repose. However, the most noticeable differences
were observed in particle size and terminal velocity, which play a significant role in

defining the unique pneumatic conveying behavior of teff grain.

Gas fluidization characteristic of teff grain was a critical aspect in designing
efficient pneumatic conveying systems. In the Geldart classification of particles,
teff is classified under Group B material, which refers to medium-sized and
medium-density particles. The particles tend to have bubbly fluidization properties,
and thus, it was more suitable for dilute-phase pneumatic conveying than dense-
phase pneumatic conveying. The bubbly-ready nature of the teff grain in the bed
tends to cause turbulence to flow in dense-phase pneumatic conveying systems,

causing excessive pressure drops and also instant blockage of the system.

Experiments revealed that the fluidized bed exhibited bubble formation at the
lowest superficial gas velocity, with a pressure drop/bed height ranging from 100-
107 mbar/m and a minimum fluidization velocity between 0.56 and 0.575 m/s. This

early formation of bubbling in teff grain fluidization supports the conclusion that
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teff grain was more suitable for dilute-phase pneumatic conveying. In contrast,
dense-phase pneumatic conveying leads to operational inefficiencies due to the

inherent fluidizing characteristics of teff grain.

The finding indicates that the minimum conveying velocity of teff grain, based on
its saltation and superficial gas velocity, was between 4 m/s - 13.8 m/s for a solid
loading ratio of 0.3 - 5 and pipe diameters of 50 mm - 110 mm. From the calculated
result, superficial velocity was between 6 m/s - 20.7 m/s under the same conditions.
These results indicate that teff grain requires a relatively lower airflow rate to

achieve full particle suspension in a pneumatic conveyor than other cereal grains.

The findings show that the variation in 90° bend layouts does not significantly
affect the pressure drop in pneumatic conveying systems. ANOVA results revealed
an F-value of 0.999 with a p-value of 0.414 for D = 46 mm and an F-value of 0.265
with a p-value of 0.899 for D = 71 mm. Since both p-values were greater than the
standard significance level (p < 0.05), the differences in pressure drop between
bend configurations were statistically insignificant. This indicates the bend layout

was not a critical factor influencing pressure drops in the system.

Combination of experimental, CFD-DPM, and ANN methods proved highly
effective in modeling and analyzing the pneumatic conveying characteristics of teff
grain. The CFD-DPM simulations closely matched laboratory results, with R?
values ranging from 0.990-0.997 across major components: feeders 0.9956,
horizontal pipes 0.9968, vertical pipes 0.9974, 90° bends 0.9974, and cyclone
separators 0.9909. Statistical evaluation further confirmed this strong correlation,
with MSE values of 27-287, RMSE of 5.2-16.9, MAE of 4.1-16.6, and MAPE
between 9-20%, demonstrating the high predictive accuracy and reliability of the
CFD-DPM model in replicating experimental pressure drop behavior across all

components.

ANN model also -effectively predicted pressure drops across all system
components, achieving R? values between 0.971-0.981 for feeders 0.9716,
horizontal pipes 0.9754, vertical pipes 0.9817, 90° bends 0.9820, and cyclone
separators 0.9722. Statistical indicators further validated this performance, with

MSE ranging from 460-7984, RMSE from 21-89, MAE from 13-65, and MAPE
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between 6-25%. These results confirm that the ANN model, trained on both
experimental and simulation data, provides strong generalization and predictive

capability for pressure drop estimation in the pneumatic conveying of teff grain.

Integrating experimental analysis with CFD-DPM simulations and ANN modeling
provides a robust and comprehensive framework for understanding and predicting
the flow dynamics of teff grain in pneumatic conveying systems. Validation using
new experimental data also demonstrated high predictive performance, with R?
values exceeding 0.96, MSE between 571-2686, RMSE of 14.6-35.6, MAE of 23.9-
56.1, and MAPE between 13.6-24.6%. Among the models, CFD-DPM achieved
slightly higher precision than ANN alone, though both showed strong consistency
with experimental results, confirming their reliability for predictive applications

and system optimization.

Integrated approach offers a balanced trade-off between accuracy, computational
speed, and cost-effectiveness. Experimental measurements provide the highest
accuracy but were time-consuming and resource-intensive. CFD-DPM simulations
deliver near-experimental precision while requiring significant computational
resources. In contrast, the ANN model particularly when trained on combined
experimental and CFD-DPM data offers rapid predictions at substantially lower
cost. This balance makes the integrated methodology a practical and efficient tool
for design optimization and performance evaluation of pneumatic conveying

systems for teff grain.

5.2. Recommendations

Based on the findings of this study, several recommendations were provided to guide

researchers, system designers, and professionals in the agriculture, grain handling, and

food processing industries. These recommendations aim to enhance the design, efficiency,

and performance of pneumatic teff grain conveying systems, reduce energy consumption,

and support broader practical applications.

Implementation of pneumatic conveying technology in the form of precision
pneumatic seed drills will be recommended to address major challenges in teff

planting. This technology can improve seed distribution uniformity, enhance
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planting efficiency, and minimize seed loss, thereby promoting uniform crop

establishment and contributing to higher yield productivity.

Adoption of pneumatic teff grain conveying systems will recommended for grain
handling operations to improve bulk handling efficiency during storage and
transportation. These systems can support smooth and efficient loading and
unloading in warehouses, silos, and transport vehicles. Integrating a cyclone
separator will also recommended to effectively extract dust, improve workplace
cleanliness, enhance environmental safety, and increase overall system

performance.

Utilization of pneumatic teff grain conveying systems in the food processing
industry will recommended to ensure convenient and hygienic transportation of teff
grain within processing facilities. Such systems can enable continuous,
contamination-free movement of materials and support operations such as
conveying, feeding, cleaning, moisture and temperature regulation, blending, and
packaging. Its application can play an important role in improving efficiency,

product quality, and safety in modern food processing operations.

Researchers and engineers should prioritize the unique characteristics of teff grain,
such as minimum conveying air velocity and higher pressure drops across system
components when compared to other cereal grains, to design and develop
pneumatic conveying systems specifically tailored for dilute-phase operation. This
involves optimizing airflow rates, pressure drops, and incorporating efficient

separation units to ensure stable, energy-efficient, and blockage-free conveying.

Using integrated experimental analysis with CFD-DPM simulations and ANN
modeling proves essential for accurate system design, optimization, and prediction
of system characteristics when it is carried out under rigorous experimental

validation to ensure accuracy and reliability.

5.3. Recommendations for future researches

The finding motivates researchers and designers to carry out additional research and

development to increase the application of pneumatic conveyors to teff grain handling

during production, post-harvesting activities, and processing. Part of the suggested future

work areas includes:
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Development of a pneumatic teff seed drill: A well-designed pneumatic system has
the potential to improve seed-rate control and achieve more uniform distribution
than conventional mechanical seeders. Its performance should be verified through
experiments, with careful evaluation of seed placement, seed loss, lodging, and

final yield, to confirm both its technical value and its practical benefits.

Development of a multifunctional pneumatic conveying system for teff grain:
Future research should explore conveying systems that integrate heating and
cooling modules so that drying and cooling can occur during transport. Such a
system could help control grain moisture and temperature more effectively,
improving storage stability and reducing post-harvest losses. However, it will
require detailed studies on energy use, effects on grain quality, and overall system

reliability before it can be applied in practice.

Development of a pneumatic teff grain cleaning system: Future work could focus
on designing a dedicated pneumatic cleaning unit for teff and evaluating its ability
to remove dust, foreign materials, and biological contaminants while minimizing
grain damage. Experimental trials should compare cleaning efficiency, grain loss,
and key quality parameters with existing cleaning technologies to determine its real

performance and practical benefits.

Development of a small-scale, fully automated pneumatic teff grain conveyor:
Future studies can investigate compact, automated conveying systems designed for
local teff processors. Research should emphasize precise flow control, reliable
automation, safety, and cost-benefit analysis, while carefully evaluating grain loss,
productivity, and maintenance requirements to judge whether such systems were

practical and affordable in real operations.

Additional studies on pneumatic teff grain conveying systems: dense-phase and
negative-pressure conveyors, mechanical damage behavior, and Al-based modeling
to expand operational flexibility and improve the practicality and versatility of

pneumatic teff grain conveyors.
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APPENDIX B. CFD-DPM MODEL FOR FULL SYSTEM [v = 22m/s and ms = 0.13kg/s]
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APPENDIX B. CFD-DPM MODEL FOR FULL SYSTEM [v = 22m/s and m, = 0.13kg/s]
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APPENDIX C. ANOVA TABLE FOR SIGNIFICANCE LEVEL FOR AIR VELOCITY, MATERIAL FLOW RATE, PIPE DIAMETER,

AND PIPE LENGTH ON FEEDER PRESSURE DROP (Pa)

ANOVA table for feeder pressure drop (Pa)

Source Sum of Squares  Degrees of Mean Square (MS)  F-Value p-value Significance
(SS) Freedom (df)
Air Velocity (v) 3,250,421.2 6 541,736.9 1024.5 <0.0001 **x%* (Most Significant)
Material Flow Rate (ms) 1,890,356.8 8 236,294.6 446.8 <0.0001 Fhxk
Diameter (D) 85,123.4 1 85,1234 160.9 < 0.0001 wx
Interaction Effects 42,567.1 14 3,040.5 5.75 < 0.0001 (Minor)
Error (Residuals) 25,432.1 48 529.8 — — -
Total 5,293,900.6 77 — — — —
ANOVA table for horizontal pipe pressure drop (Pa)
Source Sum of Squares  Degrees of Mean Square (MS)  F-Value p-value Significance
(SS) Freedom (df)
Air Velocity (v) 8,750,632.1 6 1,458,438.7 2450.3 < 0.0001 **kxx (Most Significant)
Material Flow Rate (ms) 5,220,189.4 8 652,523.7 1096.1 < 0.0001 Fkokk
Diameter (D) 1,120,456.2 1 1,120,456.2 1882.4 < 0.0001 faleied
Interaction Effects 980,321.5 2 490,160.8 823.5 < 0.0001 **
Error (Residuals) 320,567.8 48 6,678.5 11.2 < 0.0001 (Minor)
Total 85,432.1 144 593.3 - - -
Air Velocity (v) 16,477,599.1 209 — — - —
(c)ANOVA table for vertical pipe pressure drop (Pa)
Source Sum of Squares  Degrees of Mean Square (MS)  F-Value p-value Significance
(SS) Freedom (df)
Air Velocity (v) 12,450,632.1 6 2,075,105.4 3450.3 < 0.0001 ****x (Most Significant)
Material Flow Rate (ms) 7,220,189.4 8 902,523.7 1500.1 < 0.0001 falalale
Diameter (D) 2,120,456.2 1 2,120,456.2 3524.4 < 0.0001 falaied
Interaction Effects 1,480,321.5 2 740,160.8 1230.5 < 0.0001 **
Error (Residuals) 420,567.8 48 8,761.4 14.6 < 0.0001 (Minor)
Total 185,432.1 308 601.4 - - —
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APPENDIX D. NONLINEAR REGRESSION MODEL

(a) Nonlinear Regression Model

Component General Form of Model Coefficients to Fit Final Model Equation
Feeder AP=k- D*- v"- m° k=0.5, a=—1.2, b=1.8, ¢=0.9 AP=05- D*?. v**. m®®
Horizontal pipe AP=k- D*- L”- v¢- m?* k=0.12, a=—1.8, b=0.9,c =1.7, d=0.8 AP=0.12- D™**. °?. v*". m?°®
Vertical pipe AP=k- D*- L”- v¢- m?“ k=0.183,a=—1.92, b=0.9,c=1.85, d=0.82 AP =0.183- D™"%. [°%®. y**. m 0%
90° Bends AP=k- D*- V- m¢° k=0.218, a=—1.88, b=1.82, ¢=0.79 AP =0.218- D*%. v*¥. m®"7
Cyclone separator AP=k- D*- V- mf° k=0.959, a=—0.795, b=2.036, c=0.305 AP =0.959. D %™. y20%. m %%

S

(b) Model Evaluation Metrics

Evaluation metrics Feeder Horizontal Pipe Vertical pipe Bend Cyclone separator
R-Square (R?) 0.9123 0.915 0.872 0.784 0.901370
Mean Squared Error (MSE) 28943.9443 100,902.24 1,245,678 2,145,678 6754.7656
Mean Absolute Error (MAE) 134.1469 250.12 842.3 1,142.3 55.7295
Root Mean Square Error (RMSE) 170.0942 317.65 1,116 1,465 82.1874
Mean Absolute Percentage Error (MAPE) (%) 12.2786 25.37 38.7 52.7 8.5241
Relative MAE 7.9159 26.47 44.8 63.9 7.2634
Relative MSE 2.0692 11.31 19.5 24.8 1.1474
Relative RMSE 1.1808 33.63 59.3 81.9 10.7117
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(@)

APPENDIX E. PRESSURE DROP COEFFICIENT (K)

2
Predictive model of pressure drop coefficient (K) vs. square of inlet air velocity (Venry) for (a) feeder, (b) horizontal pipeline
(c) vertical pipeline (d) bends and (e) cyclone separator
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