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Abstract

Pressure drop in pneumatic conveying systems significantly influences both
system performance and energy efficiency. This study combines laboratory
experiments with computational fluid dynamics (CFD) simulations to create
a predictive model for the pressure drop coefficient using artificial neural
networks (ANN), focusing on key components such as feeders, horizontal
and vertical pipes, bends, and cyclone separators. Laboratory experiments
yield crucial empirical data that validate the CFD simulations, which provide
in-depth analyses. The findings reveal a strong correlation between the cal-
culated pressure drop coefficient (K) and the square of the inlet air velocity,
expressed as K α v2. The regression coefficients (R2) for various components
are as follows: feeder (R2 = 0.982), horizontal pipe (R2 = 0.989), vertical
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pipe (R2 = 0.991), bends (R2 = 0.972), and cyclone separator (R2 = 0.942).
These results indicate that the model can lead to more efficient designs
that accurately reflect real-world conditions, thereby enhancing the overall
performance of pneumatic grain conveying systems.

Keywords: Pressure drop, pneumatic conveyor, CFD-DPM simulation,
ANN model, pressure drop coefficient, Teff grain.

1 Introduction

Teff is a smallest grain in the world, making it challenging to handle without
loss. It is a gluten-free grain that offers significant nutritional benefits and has
caught the attention of the modern food industry. However, due to its status
as a newer raw material, there is limited information on how to handle and
process effectively. In Ethiopia, traditional practices dominate the production
and processing of Teff. There is a lack of optimal techniques for sowing,
threshing, cleaning, separating, handling, and transporting this grain [1]. It
is estimated that 25–30% of teff may be lost before and after harvest, with
lodging potentially causing yield losses of up to 30% [2]. Teff seeds are
typically broadcast by hand at a rate of 25–50 kg per hectare, but studies
suggest that reducing the seed rate to 2.5 to 3 kg per hectare is more
efficient. Post-harvest losses in the rural-urban value chain typically range
from 2.2 to 3.3 percent, varying with storage conditions and transportation
methods used. The handling of teff grain is influenced by its flow ability,
measured by the angle of repose, which ranges from 24.09◦ to 26.16◦ for
different Teff varieties. All teff varieties fall into a very free-flowing category,
allowing for transport using gravity or minimal energy [3]. Two main factors
complicate the mechanization of Teff. First, it’s extraordinarily small grain
size, at about 1/150th the size of a wheat grain, affects planting, threshing, and
handling. Second, the tendency of teff grass to lodge makes harvesting and
threshing more difficult. While much research has focused on its agronomy,
grain-related studies are often approached from an engineering perspec-
tive. Collaborative research is essential to improve Teff grain quality, boost
production, and enhance handling processes [2–4]. Some studies suggest
using the aerodynamic characteristics of materials used to design pneumatic
conveying and separation systems for Teff grain.

These characteristics are calculated based on the terminal velocity of
single particles, but they fail to account for how particle concentration in
the air stream affects bulk material behavior in pneumatic systems [5]. Most
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researchers recognize that challenges associated with handling Teff due to its
tiny size, yet there is a notable lack of studies focused on finding effective
solutions to these difficulties. While numerous research papers examine
the engineering properties of Teff grain, none have successfully identified
methods to minimize losses while preserving quality during handling. Conse-
quently, investigating the pneumatic conveying characteristics of Teff grain is
essential for gathering critical data that lead to the development of an efficient
pneumatic system that reduces manual labor and costs, minimizes grain loss,
and ensures quality and sanitary Teff grain handling process.

Pneumatic conveying is a widely used method for transporting bulk
materials in various industries, including food, agricultural pharmaceuticals,
and chemicals industries [6]. because it offers many benefits over conven-
tional mechanical conveyor systems, in recent years pneumatic conveyors
have gained popularity as a grain handling solution because of their great
adaptability, versatile handling application, used for different variety of
grains, including moving grains over large distances, along curves, and even
vertically. Improve efficiency and smooth integration is also possible since
they are simple to incorporate into grain handling systems. Furthermore, the
seamless integration and increased efficiency of pneumatic conveyors can be
achieved with ease grain handling systems. According to this information, it
has great advantage over mechanical conveyor to use a pneumatic conveying
system for Teff grain, not only for transporting but also for panting cleaning
and treatment. The study related to pneumatic Teff grain conveyors is crucial
for the design and optimized pneumatic conveying system for Teff grain.

[7] The work on Predicting Horizontal Pneumatic Conveying of Large
Coal Particles Using a Discrete Phase Model focuses on large particles
(>5 mm), as there are few studies on such sizes. To forecast the horizontal
pneumatic conveyance of big coal particles, coupling methods based on the
Euler-Lagrange approach and discrete phase model (DPM) were utilized in
the simulated study.

Pressure drop in pneumatic conveying systems is influenced by various
factors, such as the properties of the conveyed material, the geometry of the
conveying system, and the operating conditions. One of the most challenging
components in pneumatic conveying systems is the 90◦ bend, which can
significantly contribute to the overall pressure drop [8].

The pressure drop in a 90◦ bend is influenced by factors such as the bend
radius, the cross-sectional area of the bend, and the velocity of the conveyed
material. Performance of pneumatic conveyance systems, which are exten-
sively used in many industries to move large goods, poses a special challenge
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to comprehension and improvement. In order to tackle this difficulty, sophis-
ticated particle-tracking models combined with computational fluid dynamics
(CFD) simulations have become effective instruments for examining the
intricate relationships between solid particles and fluid flow [9] common
numerical techniques used in pneumatic conveyor studies are CFD-DEM and
CFD-DPM [10].

ANSYS Fluent was used to create a 3D computational fluid dynamics
(CFD) model that simulated the two-phase flow across the 90◦ bends. The air
and teff grain phases were modeled using the Euler-Lagrange method [11].
To capture the turbulent effects, the realizable k-ε turbulence model was
used. For pressure and velocity coupling, the SIMPLE solution approach
with a pressure-based solver was employed. The discretization of momentum,
turbulence kinetic energy, and turbulence dissipation rate equations were
done using second-order upwind schemes [12]. The pressure drop across
the bend was computed using the CFD results from the surface integral
result for area weighted average static pressure for the created plane that is
perpendicular to the bend pipe’s axis [13].

[14] Cyclone separators are commonly used in pneumatic conveying
systems due to their simplicity, efficiency, and low cost. In this process, a
mixture of gas and solid particles is conveyed through a pipeline, and the
particles are separated from the gas stream using a cyclone separator [15]
cyclone separators are designed to separate grains from gas or to transport
milled material, and their specific application and design may vary depending
on the context and the materials being processed. The Lapple model is one
of the most widely used models for predicting the performance of cyclone
separators it is based on the principle of inertial impaction, where the particles
are separated from the gas stream based on their size and inlet air velocity.
Because of its simplicity, [16] the Lapple model to be effective in predicting
the performance of cyclone separators in various applications.

The literature review has identified a potential research gap in the exper-
imental and CFD-DPM investigations of pressure drop for a pneumatic
Teff grain conveyor system. The experimental approach involves conducting
experiments in a laboratory setting to measure the pressure of the pneumatic
conveying system under different operating conditions. The experimental
data is then used to validate the numerical model. Validating the accuracy
and reliability of a model through the comparison of simulation results and
experimental data is essential, particularly for predicting the pressure drop in
pneumatic conveying system. By utilizing experimental data and numerical
simulations, this study aims to analyze the pressure drop in a pneumatic
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Teff grain conveying system. The findings are expected to significantly
enhance the design and optimization of these systems, resulting in improved
efficiency, cost savings, and better product quality [17].

Using an artificial neural network (ANN) model for pneumatic conveyor
systems presents numerous advantages compared to traditional regression
models, especially when it comes to managing the inherent complexities and
nonlinearities that characterize these systems. Unlike conventional regression
approaches, which often rely on linear assumptions and may struggle to
accurately capture the intricate relationships between variables, ANNs are
designed to learn from data in a more flexible and adaptive manner [18].
This capability allows them to effectively model the dynamic behavior of
pneumatic conveyors, where factors such as airflow, material properties, and
system configurations can interact in complex ways. Furthermore, ANNs
can process large datasets and identify patterns that might be overlooked
by simpler models, leading to improved predictions and optimizations in
system performance. By leveraging the power of machine learning, ANN
models can enhance the efficiency and reliability of pneumatic conveyor
systems, making them a superior choice for engineers and operators seeking
to improve operational outcomes [19, 20].

Various research findings indicate that ANN are among the most effective
methods for modeling pressure drops in pneumatic conveyors, crucial for
transporting bulk materials. Accurately predicting pressure drop optimizes
performance and energy efficiency, yet traditional methods struggle with the
complex interactions and nonlinearities of pneumatic systems. ANNs excel
by learning from large datasets, capturing intricate patterns that reflect system
behavior under varied conditions. By training on historical data, ANNs yield
precise pressure drop predictions, enabling engineers to design more efficient
conveying systems. As research in this area progresses, the application of
ANN not only deepens the understanding of pneumatic dynamics but also
drives advancements in automation and process optimization, solidifying its
role as a leading modeling approach.

2 Materials and Methods

Eight new varieties of Teff were collected according to the year of released
such as Boset, Kora, Dagim, Felagot, Bora Ebba, Bishoftu, and Boni
were obtained from Debre Zeit Agricultural Research Center of the Insti-
tute of Agricultural Research in Ethiopia (EIAR). The Ethiopian Institute
of Agricultural Research (EIAR)’s National Teff Improvement Program
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Figure 1 Different varieties of Teff grain

(a) (b)  
Figure 2 (a) Image of Teff grain (b) gimension of grain.

distributed such Teff species. The laboratory tests were conducted at Adama
Science and Technology University, Chemical Department Laboratory.

An oven method can be used directly to determine the moisture content
of eight different types of teff grain.

MC =
(w − d)

w
× 100 (1)

Moisture content of eight different types of Teff grain measured accord-
ing to ASAE standards S3523 (ASAE, 1994). Recorded moisture content
for each variety of Teff grain is 9.14%–15%, 7.73%–13.48%, 10.14%–
14.35%, 9.5%–15.28%, 11.59%–14.14%, 9.5%–13.36%, 10.25%–12.36%,
and 8.65%–11.96% for Felagot, Ebba, Bishoftu, Dagim, Boni, Boset, Kora,
and Bora, respectively. Particle size distribution of dimensions 20 pieces of
Teff seeds were used where dimensions of each seeds: length L (mm), width
W (mm), thickness T (mm), were determined by digital image analysis using
ImageJ software from pictures which were taken with the aid of a trio ocular
microscope [21]. Geometric mean diameter Dg = 0.68 mm and arithmetic
mean diameter Da = 0.72 mm.

Geometric mean diameter Dg(mm) and Arithmetic mean diameter
Da(mm) calculated using the following equation

Dg = 3
√
W × T × L (2)

Da =
W + T + L

3
(3)
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Table 1 Summary of measured teff grain size
Teff Width Thickness Length Projected Thousand Grain
Variety (mm) (mm) (mm) Area (mm2) Weight (g)
Boset 0.63±0.05 0.56+0.10 1.01±0.13 0.50±0.07 292.44±42.93
Kora 0.68±0.10 0.57+0.06 1.09±0.18 0.58±0.12 297.46±462
Dagim 0.67±0.08 0.61+0.07 1.17±0.17 0.61±0.09 304.01±41.58
Felagot 0.52±0.07 0.52+0.08 0.92±0.08 0.42±0.06 251.82±14.38
Bora 0.58±0.09 0.56+0.04 1.10±0.18 0.50±0.11 276.57±38.15
Ebba 0.70±0.08 0.58+0.12 1.09±0.15 0.60±0.10 287.65±43.39
Bishoftu 0.59±0.14 0.54+0.08 0.94±0.15 0.44±0.12 279.39±36.47
Boni 0.59±0.09 0.53+0.03 0.94±0.15 0.44±0.12 287.42±43.63

(a)  (b)

Figure 3 (a) Geometric mean diameter (b) arithmetic mean diameter.

The study consider practical application in local for feeding Teff milling
machine, small scale Teff grain milling machine its capacity is 300 kg/h–
500 kg/h which is mostly used in local milling house, therefore (ms) for
desired dilute phase pneumatic conveying system is 360 kg/h or 0.1 kg/s.
The study used blower with air flow rate 19 m3/min. A solid loading ratio,
or phase density, is a useful parameter in helping to visualize the flow.
It is ms/ma. Maximum recommended solid loading ratio for dilute phase
pneumatic conveyor is 15. Solid loading ratio (µ) is

µ =
ms

ma
(4)

Use the method of Rizk to predict the gas velocity at saltation using
calculated solids loading ratio mass flow rate for Teff grain.

µ =
1

10δ

(
Uo

(gD)1/2

)χ

χ = 1.1dp + 2.5 and δ = 1.44dp + 1.96 (5)
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Table 2 Minimum conveying velocity
Blower Air Flow Rate Pipe Area(m2) Air Velocity(m/s)

D1 = 46 mm D2 = 71 mm D1 = 46 mm D2 = 71 mm
Q(m3/min) Q(m3/s) A2(m2) A1(m2) u2(m/s) u1(m/s)
2 0.033 0.0016 0.0039 20.07 8.42
4 0.067 0.0016 0.0039 40.14 16.85
6 0.100 0.0016 0.0039 60.20 25.27
8 0.133 0.0016 0.0039 80.27 33.69
10(η = 52.6%) 0.167 0.00166 0.0039 100.34 42.12

The value of χ and δ is equal to 3.215 and 2.896 respectively; design
air velocity is must be greater than saltation velocity, the design velocity is
superficial gas velocity (v) is calculated from saltation velocity as:

v = 1.5Uo (6)

The solid loading ratio (µ) is 2.22, with corresponding salt velocities (Uo)
of 6.85 m/s for a pipe diameter of 46 mm and 8.51 m/s for a pipe diameter of
71 mm. Additionally, superficial gas velocity (v) are measured at 10.27 m/s
for the 46 mm diameter and 12.76 m/s for the 71 mm diameter.

2.1 Design of Pneumatic Teff Grain Conveyor System

Designing a pneumatic teff grain conveyor system layout involves several
considerations to ensure efficient and effective teff grain handling. Certain
standards in dilute phase pneumatic conveying, the solid loading ratio typ-
ically ranges from (2% to 15%), Laboratory experiment for dilute phase
pneumatic conveyor has some standards pressure must be measured between
(2–3 m) gap to get a significant pressure drop. The ratio of bend radius to
pipe bore diameter must be greater than (6) to minimize pressure drop in the
system. There are three kinds bends in any pneumatic conveyor bends connect
horizontal pipeline to horizontal pipeline (H-H), bends connect horizontal
pipeline to vertical pipeline (H-V) and bends connect vertical pipeline to
horizontal pipeline (V-H) because of the system must be include Horizontal,
Vertical and Bends and there different configurations. Design of pneumatic
conveyor is focus on horizontal pipeline, pressure drop in horizontal pipeline
is slightly high than vertical pipeline, in pneumatic conveyor most of pipeline
is composed from horizontal pipeline. Minimum horizontal pipeline length
is 20 feet or 6 m in laboratory test of pneumatic conveyor. It is important to
consider that the minimum conveying air velocity for dilute phase conveying
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Figure 4 Experimental set up for measurement of pressure drop due to feeder 1: blower; 2:
rotary feeder; 3: cyclone separator; 4: air flow control valve; 5: vertical pipe; 6: sight pipe; 7,
9, 11, 14: horizontal pipe; 8, 10, 12, 13: bends; 10: P1-P14: pressure transducer.

is about 11 m/s and additionally, for dilute phase conveying systems, the
minimum velocity is typically of the order of 15 m/s, and if it drops by
more than about 10% or 20%, the pipeline is considered to be blocked.
Design of Pneumatic Teff Grain Conveyor System Layout Standard pipeline
configuration in a pneumatic Teff grain conveyor system typically consists
of horizontal piping, vertical piping, and bends. The pressure rating of the
conveying pipeline should be suitable for the maximum conveying pressure
of the system, and the pipeline should be designed to prevent blockages and
build-up. The design should ensure that the solids velocity in the pipeline
does fall below the minimum required to maintain efficient Teff grain flow.

The feeding mechanism is Rotary Feeder because of particular advan-
tages of using rotary feeders for positive pressure conveying lines are that
minimum headroom is required, there are no moving parts and, if the device
is correctly designed, there need be no air leakage from the feeder, as there is
with nearly all other types of feeder. A rotary basically consists of a controlled
reduction in pipeline cross section in the region where the material is fed from
the supply hopper, as shown in Figure:

To calculate the bulk Teff grain flow rate from a hopper, the flow rate of
bulk Teff grain from a hopper depends on various factors such as the hopper
discharge rate, outlet diameter, Teff grain bulk density, internal friction, wall
friction, and the inclination of the hopper. Here is method and equations that
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Figure 5 Rotary feeder.

can be used to calculate the Teff grain material flow rate from a hopper for
pneumatic conveyor feeder.

ṁs =
B2ρb sin(θ)

2[1− sin(θ)]
(7)

Where: ṁs = hopper discharge rate in kg/s B = outlet diameter of the
hopper in m ρb = powder bulk density g = gravitational acceleration and
θ = hopper half-angle. According to many research studies, Teff grain has a
lower angle of repose than other grain. As a result, it falls within the category
of very free flow material.

2.2 Calculation of Pressure Drop in Pneumatic Conveyor

In a dilute phase pneumatic conveyor system for Teff grain, several key
variables must be taken into account, including the physical properties of the
Teff grain, the characteristics of the air used in the system, and the dimensions
of the pipe. The properties of Air, Teff grain characteristics, and pipe size are
summarized in Table 3. Notably, the calculations for air properties include the
universal gas constant, which is R = 287 J/kg·K, and the standard air density,
which is ρa = 1.22 kg/m3.

After determine the properties of Teff grain, air characteristics, and pipe
size total pressure calculated as follows:

∆Ptotal = ∆Paccel +∆Plift +∆Pbends +∆Pair +∆Psolids (8)
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Table 3 Air property, material characteristics and pipe size

Material Teff Grain

Desired mass flow rate 300–500 kg/hr

Mean Particle density 1120 kg/m3

Mean Particle size Diameter 0.68 mm

Pipe diameter 46 mm, 71 mm and 102 mm

Horizontal length 18 m

Vertical lift 3 m

Number of bends 4

Bend constant 0.5

Solid loading 2.08–4.17

Air density 1.22 kg/m3

The design superficial gas velocity (v) is calculated from saltation
velocity

v = 1.5Uo (9)

The solid velocity (us) is calculated from saltation velocity from table 1.6,
where dp = 0.00068 m, and ρs = 1120 kg/m3.

us = Uo(1− 0.0638d0.3p ρ0.5s ) (10)

The porosity (ε) was calculated from solid flux (Gs) and solid flux is Ratio
of solid mass flow rate (ms) to area (A). The porosity always 0.99 for dilute
phase pneumatic conveyor. The interstitial gas velocity (ug) is from Saltation
velocity (Uo) and porosity (ε)

ug =
Uo

ε
(11)

The slip velocity (uslip) is calculated from interstitial gas velocity.

uslip = ug − us (12)

In this particular case, we use the conventional friction factor formulation
we learned in fluid mechanics. If the conveying line is operated as “air only”,
then this number is relatively easy to either check with a gauge or hand held
manometer near the blower. Note that the gas density needs to be evaluated at
each point in the pipe consequently, design calculations usually are done by
breaking the line into many small pieces by using Darcy–Weisbach equation.
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2.2.1 Pressure due air friction

∆Pair =
λfρgLv

2

2D
(13)

Turbulent flow (i.e., Re > 2300): Using dimensional analysis, as in
laminar flow case can be obtained. λf is calculated by the following equations,
Reynolds number (Re) is

Re =
ρavD

µd
(14)

Where ρ = Air density, v = Air velocity, D = Pipe bore diameter (m)
and µd = Dynamic viscosity of air and the value of ρa = 1.22 kg/m3 and
µd = 0.0000184 kg/m.s. Reynolds number:

Gas friction factor (λf) is

λf =
1.325(

ln
[

Ks
3.7D + 5.74

Re0.9

])2 (15)

For Common Pipes
Ks

D
≈ 0.001

2.2.2 Pressure drop due to particle acceleration
The particles are required to accelerate after being introduced into the line –
note that this is a onetime effect in the calculation here v and up are the
particle and gas velocities respectively.

∆Pacc = µvρgus (16)

2.2.3 Pressure drop due to lift
Standard treatment here as we would expect ε is the voidage and for dilute
phase systems willtend to be 0.99 or greater and ρp = 1120 kg/m3, ε =
0.99, ∆z = 3 m, g = 9.81 m/s2 and ρg = 1.22 kg/m3. For vertical pipeline,
Modified Hinkle Correlation:

∆Plift = ρp(1− ε)∆zg + ερg∆zg (17)

2.2.4 Pressure drop due to bends
Bends are quite common in conveying systems and numerous correlations
have been developed to calculate bend pressure drop pressure drop in the
field, it needs Note that when measuring to be measured several pipe
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diameters downstream of the exit of the elbow to properly account for particle
reacceleration after the bend.

∆Pbend =
B(1 + µ)ρgv

2

2D
(18)

Where RB = bend radius

RB/D 2 4 ≥6
B 1.5 0.75 0.5

2.2.5 Pressure drop due to solids friction
The solids friction component mirrors that of gas pressure loss except for now
us has a special “solids friction factor”. There are some existing correlations
for λZ both in the vertical and horizontal direction. The friction factor can
also be determined from either pilot plant work or by careful analysis of a
production plant.

∆Psolids =
µλZρgLv

2

2D
(19)

Solid friction factor (λz) according to Weber proposed in 1982:

λz = KµaFrbFrcs

(
D

dp

)d

(20)

Where Fr = Froude number for gas and Frs = Froude number for solid

K a B C d
Fine powder 2.1 −0.3 −1 0.25 0.1
Coarse powder 0.082 −0.3 −0.86 0.25 0.1

Fr =
ug√
gD

(21)

Particle terminal is important velocity parameter of a two-phase flow,
which depends on the drag coefficient thus, on the Reynolds number as well.

ut = 1.74

[
dp (ρs − ρa) g

ρa

]0.5
(22)

For 500 < ReT < 2× 105

Frs =
ut√
gdp

(23)

λz = KµaFrbFrcs

(
D

dp

)d

(24)
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2.2.6 Pressure drop due to feeder
To develop a model for the pressure drop coefficient (K) in a pneumatic
conveyor when all variables are measured from laboratory tests, we can use
regression analysis to determine the relationship between K and the other
variables. Here’s a suggested approach: The pressure drop across feeder
essentially depends on the material flow rate and air flow rate [22, 23].
Generally pressure drop coefficient is often defined as:

∆P =
1

2
Kρgv

2
i (25)

Where, ∆P pressure drop, ρg is gas density, vi is inlet velocity, and K is
pressure drop coefficient

2.2.7 Pressure drop due to cyclone separator
The pressure drop across a cyclone essentially depends on the cyclone dimen-
sions and operating conditions [24]. Generally; it is proportional to the gas
inlet velocity head and is often defined as:

∆P =
1

2
ρgv

2
iNH (26)

Where, ∆P is cyclone pressure drop, ρg is gas density, vi is inlet velocity,
and NH is a number of velocity heads, and it is a pressure drop parameter to
account for all pressure drop components in terms of inlet velocity heads.

NH = 16
WH

D2
e

(27)

Where it is a dimensionless metric that measures the pressure drop across
the cyclone, the number of velocity heads (NH) is also known as the pressure
drop coefficient for a cyclone separator.

Gas-solid interactions, pressure drops, and flow characteristics are only
a few of the complex dynamics involved in pneumatic conveying systems.
For industrial applications, research focuses mostly on scaling up to make
sure that systems operate well at higher scales. Many researches prioritize
scaling because of this intricacy, requiring for a thorough understanding of
how different characteristics vary with scale [25, 26].

Cyclones separator for different application are usually based on the
standard dimension.

Lapple Model was developed based on force balance without considering
the flow resistance. Lapple assumed that a particle entering the cyclone is
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Figure 6 Cyclone dimension Lapple model.

Table 4 Lapple model cyclone separator dimensions
Lapple Model Cyclone Separator Dimensions (mm) Dimensions Ratio
Diameter od cyclone Body (Barrel) D 4W
Length of the Body Lb 2D
Length of the Cone Lc 2D
Height of the Inlet H D/2
Diameter of Gas Exit De D/2
Diameter of Dust outlet Dd D/4
Length of vortex Finder S 5D/8
Total length of cyclone Lb + Lc 4D

evenly distributed across the inlet opening. The particle that travels from inlet
half width to the wall in the cyclone is collected with 50% efficiency [27].
A study cyclones with different inlet shapes and found that under the
same inlet area, conducted CFD simulations the separation performance of
cyclones with circular inlets was similar to those with rectangular or elliptical
inlets. The area of inlet duct of cyclone separator was similar with bore
area pneumatic conveyor pipeline. Cyclone separator Inlet Dimension: [17]
Standard Cyclone Dimension Lapple Dimension conventional Dimension is
used to determine over all dimension of cyclone and all calculated cyclone
dimension is as shown in table below.

The inlet air velocity is depend on blower capacity, pipe diameter and
solid loading ration as design of dilute phase pneumatic conveyor for teff
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grain. In design of dilute phase pneumatic conveyor of teff grain is minimum
air velocity or superficial air velocity is calculated from saltation of teff grain
in horizontal pipeline. Air ratio is from 9.55 m/s–15 m/s and solid loading
ratio is 2–4.

In this study, we investigate the pressure drop in a pneumatic conveying
system specifically designed for Teff grain, utilizing a combination of exper-
imental measurements and CFD-DPM simulations. The experimental setup
is designed to employ a digital anemometer to accurately measure the inlet
air velocity, while a digital manometer is utilized to record the pressure drop
across the cyclone separator. To effectively capture the complex flow dynam-
ics within the cyclone, the k-epsilon RNG swirling-dominated turbulence
model is employed in the simulations, which is a well-suited turbulent model
for handling complex flow characteristics throughout the cyclone separator.
This comprehensive approach aims to enhance our understanding of the pres-
sure drop behavior in cyclone separators and provide valuable information
for the optimization of the pneumatic Teff grain conveying system.

2.3 CFD-DPM Model

In CFD-DPM simulation, number iteration depends up on scaled residuals.
When scaled residuals approach to zero and less than (1E-5)-(1E-6) the
simulation became converged. The equations used to compute the trajectory
of the discrete phase particle is given as follows:

dup
dt

= Fd(u− up) +
g(ρp − ρ)

ρp
+ F (28)

Where up and u are the particle and fluid velocities, respectively, ρp and
ρ are the particle and fluid densities, respectively. The drag force, Fd, acting
on a spherical particle is

Fd =
18µCDRe

ρpd2p24
(29)

Where Re is the Reynolds number, µ is the dynamic viscosity of the fluid,
and CD is the drag coefficient based on the shape of the particle [28].

2.4 Turbulence Model

Reynolds values greater than 2300 for internal cyclone separators indicate
the presence of turbulence, which needs to be taken into consideration in the
momentum balance. Because of the high velocity and low viscosity of the air
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in the pneumatic conveying systems, [29] Reynolds numbers are consistently
significantly higher than 2300. The mass and momentum transport equations
have the following Reynolds- and time-averaged forms:

∂ρ

∂t
= ∇ · (ρ−⇀v ) = Sm (30)

∂ρ

∂t
+∇ρ(−⇀v · −⇀v ) = ∇ · p+∇ ¯̄T +∇ρ(

−                                ⇀−⇀
v′ ·

−⇀
v′ ) + ρ−⇀g +

−⇀
F (31)

Re-Normalization Group, or RNG, is the model used in the k-ε formu-
lation. It is obtained by applying the renormalization statistical approach to
the instantaneous conservation equations. A term added to the ε transport
equation improves the prediction of rapidly strained and swirling flows,
and an analytical expression for the Prandtl numbers replaces the standard
model’s previously used constant numbers [29]. These are the main ways
in which the RNG model differs from the standard model. The RNG model
is generally more trustworthy than the conventional k-ε model due to these
enhancements. In order to apply the k-ε method, the transport equations must
be solved [30].

∂ρk

∂t
+∇ρ(k · −⇀v ) = ∇ ·

(
µ+

µT

σk
∗ ∇k

)
+Gk

+Gk + ρε+ YM + Sk (32)

∂ρε

∂t
+∇ρ(ε · −⇀v ) = ∇ ·

(
µ+

µT

σε
∗ ∇ε

)
+ C1ε

ε

k
+ (Gk + C3εGb)− C2ερ

ε2

k
+ Sε (33)

Where YM accounts for compressibility effects on turbulence, Gk is the
generation of turbulence due to the velocity gradients (local strain), Gb is
the generation of turbulence due to buoyancy effects, and σk and σε are the
turbulent Prandtl numbers for k and ε. C1ε,C2ε,C3ε and in the dissipation
rate equation are constants that are derived by calibration with experiments,
and Sk and Sε are user defined source terms. The local solution for k-ε
enables calculation of the local eddy viscosity, which takes the form:µT =
ρCµk

2/ε. Singh et al. (2023) the eddy viscosity appears in the momentum
equations and in the k and ε equations so the solution procedure is strongly
coupled.
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(a)  

(b)  

            (c)  

(d)  

(e)  

Figure 7 Geometry of (a) feeder, (b) horizontal pipe (c) vertical pipe (d) bends and (e) H-H
bend.

3 Results and Discussions

The laboratory and CFD-DPM simulation results presented in this section
include the following: pressure drop versus inlet air velocity, pressure drop
coefficient versus the square of inlet air velocity, and the ANN model.

3.1 Artificial Neuron Network (ANN) Model

The broad idea of artificial intelligence (AI) is the development of intelligent
computers capable of carrying out tasks that traditionally require human
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(a)  
(b)

(c)   (d)  

Figure 8 CFD-DPM results for feeder (a) pressure drop (b) air velocity (c) particle mass
concentration (d) particle time for D = 46 mm, ms = 0.009kg/s and v = 16 m/s.

 (a)

(b)

(c)

(d)  

Figure 9 CFD-DPM results for horizontal pipe (a) pressure drop (b) air velocity (c) particle
mass concentration (d) particle time for D = 71 mm, L = 4000 mm, ms = 0.13 kg/s and
v = 20 m/s.

intelligence. A kind of artificial intelligence called machine learning (ML)
enables computers to learn from experience and get better without explicit
programming. ML algorithms, as opposed to rule-based programming, use
statistical approaches to let machines learn from data to get better at a
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(a)  (b) (c)
Figure 10 CFD-DPM results for vertical pipe (a) pressure drop (b) air velocity (c) particle
time for D = 71 mm, L = 4000 mm, ms = 0.13 kg/s and v = 20 m/s.

particular activity. A branch of machine learning called deep learning (DL)
makes use of artificial neural networks which are modeled after the human
brain to learn from vast amounts of data. Algorithms that use deep learning
have the ability to automatically identify patterns and extract characteristics
from data. Deep learning models include artificial neural networks (ANNs) as
a crucial component. They are made up of networked nodes with computing
and signal transmission capabilities [33].

Pneumatic systems, like many other automated assembly systems, repeat
the same sequence. The suggested synthetic data creation approach addressed
this issue and made it possible to train and test with ANN. With an average
estimation error of less than 1% (with regard to the range) for the training
examples, the ANN performed excellently. The average estimation error rose
to 2.1% for the test set of data. For the training and test sets, the difference
between the perfect and faulty modes was made with absolute assurance.
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(a)   (b)  

(c)  (d)  

Figure 11 CFD-DPM results for bend (a) pressure drop (b) air velocity (d) particle time for
D = 71 mm, L = 4000mm, ms = 0.13 kg/s and v = 20 m/s.

Artificial neural networks (ANNs) have the potential to diagnose even highly
repetitive robotic systems [19]. An artificial neural network (ANN) was used
to predict the performance of pneumatic conveying of powders. The network
was trained using experimental data available for pneumatic conveying, and
it was then able to predict the pressure drop using three different training
methods: Levenberg Marquardt, Bayesian Regularization, and Scaled Con-
jugate Gradient [34]. Cyclone pressure drop can be modeled using ANN
techniques, which are more accurate than theoretical or semi-empirical mod-
els [24]. ANN models can be trained on experimental data of pressure drop
measurements across a range of cyclone operating conditions, such as inlet
velocity. The ANN model parameters, such as the activation function, need
to be carefully selected to optimize the model’s performance in predicting
pressure drop [35].
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(a)  (b)

(c)  (d)

Figure 12 CFD-DPM simulation results for cyclone separator (a) pressure drop at
v = 10 m/s and ms = 0.009 kg/s (b) pressure drop at v = 22 m/s and ms = 0.067 kg/s,
(c) air velocity at v = 10 m/s and ms = 0.009 kg/s and (d) air velocity at v = 22 m/s and
ms = 0.067 kg/s for 0.9D cyclone separator.

Three distinct backpropagation techniques were used to train the network:
Scaled conjugate gradient, Lavenberg-Marquardt, and Bayesian regulariza-
tion [36]. The weighted output (wijxi) is then summed and added to a
threshold (θj) to produce the neuron input in the output layer.

Ij =
∑

wijxij + θj (34)

This input is processed through an activation function f(Ij) at the output
layer to produce the output. In this investigation, the tan-sigmoid activation
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(a)  (b)

Figure 13 (a) Schematic diagram of feedforward ANN [36], (b) architecture of ANN
model [34].

function is employed.

Y = f(Ij) =
1

1 + e−2Ij
− 1 (35)

3.1.1 Lavenberg-Marquardt backpropagation algorithm
The purpose of this approach is to achieve second order training speed
without computing the Hessian matrix (H). After approximating the Hessian
matrix, the gradient (g) is expressed as follows:

H = JTJ (36)

g = JT e (37)

By employing a conventional back propagation technique, one can deter-
mine the Jacobian matrix (J) without having to compute the Hessian matrix,
hence simplifying the calculation. This approach uses the Newton-like update
shown in Eq. to estimate the Hessian matrix.

xk+1 = xk − [JTJ + µI]−1JT e (38)

When µ is zero, it is just Newton’s method, using the approximate
Hessian matrix. When µ is large, this becomes gradient descent with a small
step size.

3.1.2 Scaled conjugate gradient backpropagation algorithm

po = −go (39)

xk+1 = xk + αkgk (40)

pk = −gkβkpk−1 (41)
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3.1.3 Bayesian regularization backpropagation algorithm
F (ω) = αEω + βED (42)

Where Eω = Sum of the squared network weights, ED = Sum of network
errors, α and β = factors. Performance of ANN model is evaluated by
coefficient of regression (R2) and mean square error (MSE) were used as
the basis of choosing the for best performer train algorithm and expressions
of mean square error (MSE), and coefficient of regression (R2) [34]:

MSE =
1

N

N∑
i=1

(∆PANN −∆Pexp)
2 (43)

R2 = 1−

[∑N
i=1(∆PANN −∆Pexp)

2∑N
i=1(∆Pexp)2

]
(44)

In testing of ANN model performance, the percentage of the dependent
variable’s variance that can be predicted from the independent variables is
called the Coefficient of Determination (R2). It has a 0–1 range, with 1
denoting an ideal fit. The mean squared error (MSE) between expected and
actual data is calculated lower values are better and 0 means no error.

Figure 16 presented in the figure reveal a robust correlation between the
predicted and target values, as evidenced by the high regression coefficients
(R2) calculated for various components of the system. Specifically, the feeder
demonstrates an impressive R2 value of 0.982, indicating an exceptionally
close alignment between the predicted outcomes and actual performance.
Similarly, the horizontal pipe exhibits an even higher R2 of 0.989, suggesting
that its predictive model is highly reliable. The vertical pipe follows suit with
a remarkable R2 of 0.991, underscoring its effectiveness in accurately predict-
ing performance metrics. Additionally, the bends in the system show a solid
correlation with an R2 value of 0.972, while the cyclone separator, although
slightly lower, still maintains a respectable R2 of 0.942. Collectively, these
values not only highlight the accuracy and reliability of the predictive models
used for each component but also emphasize their potential utility in optimiz-
ing system performance and enhancing operational efficiency across various
applications.

Figure 17 highlight that comparison of pressure drop versus inlet air
velocity for the feeder, horizontal pipe, vertical pipe, and bends reveals
a strong correlation among the experimental data, CFD-DPM results, and
the scale-up model. In particular, there is a notable alignment between the
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Figure 14 Mean square error (MSE) for (a) feeder, (b) horizontal pipe, (c) vertical pipe,
(d) bends, and (e) cyclone separator.
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(a) (b)  

(c) (d)  

(e)  
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Figure 15 Error histogram for (a) feeder, (b) horizontal pipe, (c) vertical pipe, (d) bends,
and (e) cyclone separator.

experimental findings and the CFD-DPM results for the cyclone separator;
however, a significant divergence is observed between the Lapple model and
the experimental data. The Lapple model, which primarily considers gas
characteristics and the number of velocity heads, lacks the depth necessary
to accurately account for the complex flow dynamics present in cyclone
separators. In contrast, the CFD-DPM approach effectively captures these
intricate flow patterns and particle behavior within cyclones under various
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Figure 16 Regression coefficients (R2) for (a) feeder, (b) horizontal pipe, (c) vertical pipe,
(d) bends, and (e) cyclone separator.
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(a) (b)

(c) (d)  

(e)  

Figure 17 Pressure drop vs. Inlet air velocity for (a) feeder, (b) horizontal pipe, (c) vertical
pipe, (d) bends, and (e) cyclone separator.

operating conditions, establishing it as a superior method for predicting
pressure drop in cyclone separators.

3.2 Pneumatic Conveyor Scale-up Model

Modeling technique for designing pneumatic conveying systems by address-
ing the whole pipeline together with all accessories, one method that is
used for predicting pressure drop coefficient involves testing a sample of
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the product to be conveyed in the final system in a pilot scale rig over a
wide range of operating conditions, and measuring the product and air flow
rates and resulting pressure drops. The obtained data are then scaled by
experimentally determined factors to predict the pressure drop in the full-
scale system. The scaling of test data is considered to be one of the most
important stages of the design process, in that it provides the link between
laboratory-scale apparatus and full-scale industrial installations. Hence, the
accuracy and reliability of scale-up are essential. There are two approaches
in scaling up techniques available in literature; the Global Approach and the
Piecewise Approach. Both approaches have their advantages and undesirable
characteristics as well. The basic condition of the technique is that conveying
conditions, in terms of air velocities, should be identical for the pilot plant and
full-scale plant. It has been revealed that the equations used in Mills scale-
up technique are inadequate, especially when data are scaled up concerning
pipeline diameter [38]. They proposed following scale-up equation:

ms2 = ms1
L1

L2

(
D2

D1

)2.8

(45)

∆P = 4
fρav

2L

2D
(46)

∆pst =
1

2
Kstρsusv

2
entry

∆L

D
(47)

In pneumatic conveying systems for pressure drop as a result of bends is
calculated using an equation that takes into account frictional losses, solid-to-
gas and gas-to-pipe friction, gas and particle acceleration, and the static head
of the solids and gas. In order to estimate the pressure reduction in bends,
scale up model estimated pressure drop [15]. Equation for pressure drops in
bends is:

∆pb =
1

2
Kbρsusv

2
entry (48)

It should be highlighted that all ventry value is the true gas velocity at the
entry section of the concerned pipe section or pipe component, Kb = pressure
drop coefficient for bend pipeline, and suspension density (ρsus) can be
defined as the mixture density when a short pipe element is considered. As
an equation, it can be presented in the following way [39].

ρsus =
ms +ma

Vs + Va
(49)
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In a pneumatic conveyor, the pressure drop over the feeder is critical to
system performance. It controls the flow of both material and air, depending
on the air velocity, material properties, and feeder design. It is essential
to comprehend this pressure drop in order to maximize transport, avoid
obstructions, and improve energy economy and system dependability [40].

∆P =
1

2
Kρgv

2
g (50)

Where ∆P is pressure drop due to feeder (Pa), ρg is the gas density
(kg/m3) and vg is either the inlet or outlet gas velocity (m/s). K is a
dimensionless pressure drop coefficient.

A cyclone separator’s ability to effectively separate particles from air or
gas streams depends on the pressure drop across it. The particle size, flow
rate, and separator design are some of the variables that affect this decrease.
In many applications, controlling pressure drop is essential to maximizing
efficiency and guaranteeing successful separation [9–17].

∆Pc =
1

2
ρgv

2
gNH (51)

Where ∆ Pc is the cyclone pressure drop (Pa), ρg is the gas density
(kg/m3) and vg is either the inlet or outlet gas velocity (m/s). NH is a
dimensionless pressure drop coefficient and expressed by two parameters.

Figure 18 clearly highlights that the pressure drop coefficient demon-
strates the most accurate curve fit when plotted against the square of air
velocity for all major components of the system. This trend is particularly
evident across various elements, including the feeder, horizontal pipe, vertical
pipe, bends, and cyclone separator. Such a strong correlation suggests that as
the air velocity increases, the pressure drop experienced by each component
follows a predictable pattern based on the square of that velocity. This rela-
tionship is crucial for optimizing system performance, as it allows engineers
and operators to better understand how changes in air velocity can impact
the efficiency and effectiveness of material transport. By identifying these
patterns, it becomes possible to fine-tune operational parameters, enhance
design considerations, and ultimately improve the overall functionality of
the pneumatic conveyor system. The findings underscore the importance
of considering these relationships in both theoretical analyses and practical
applications within the field.
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(a)  (b)  

(c)  (d)  

(e)   

Figure 18 Pressure drop coefficient vs. Inlet air velocity square (m/s)2 for (a) feeder,
(b) horizontal pipe, (c) vertical pipe, (d) bends, and (e) cyclone separator.

4 Conclusions

The findings reveal that key components of a positive dilute phase pneu-
matic teff grain conveyor such as the feeder, horizontal pipe, vertical pipe,
bends, and cyclone separator significantly influence pressure drop within the
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system. Each component is essential for determining the overall efficiency
and performance of the pneumatic Teff grain conveying system.

There are numerous important advantages to combining CFD-DPM sim-
ulations and laboratory testing to build artificial neural network models for
pressure drop prediction in pneumatic conveying systems. First, important
empirical data from laboratory trials can be used to validate CFD simulations,
providing a strong foundation for training the ANN models. By ensuring that
the simulation results closely match actual circumstances, this empirical data
serves to increase the accuracy of the predictions made by the ANN model.

The findings reveal a strong correlation between the calculated pressure
drop coefficient (K) and the square of the inlet air velocity, expressed as K
α v2. These results indicate that the model can lead to more efficient designs
that accurately reflect real-world conditions, thereby enhancing the overall
performance of pneumatic grain conveying systems.

According to the results, Teff grain is moved efficiently by use of a
positive dilute phase pneumatic conveyor system, which has been shown to be
highly effective in handling this specific grain variety. Having been thought
of, this system’s efficiency shows how well suited it is to Teff grain’s unique
properties, which makes it a desirable option for growers and processors
looking to improve their operations.
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