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 The local particle velocity is an important hydrodynamic parameter in the design 
and optimization of gas-solid systems, such as the spouted beds. Predicting the 
particle velocity in the spout region is often complex, and developing a simple 
and reliable method for estimating this parameter is both valuable and highly 
beneficial for engineers and system designers. In the present study, the intelligent 
predictive approach of a multi-layer perceptron neural network (MLP-NN) is 
used for the first time to investigate the feasibility of measuring the local particle 
velocity within the spout region of spouted beds. Accordingly, 224 measured data 
points are collected, covering a broad range of factors such as bed diameter, inlet 
diameter, static bed height, cone angle, minimum spouting velocity, and inlet gas 
velocity for Geldart D particles with varying densities and diameters. The data 
are then used for training, validating, and testing the intelligence-based model. 
The MLP-NN-based model shows a strong predictive capability for estimating 
particle velocity in the spouted bed, with an Average Absolute Relative Error 
(AARE) of 13.32%, an R2 value of 0.9842, and a Root Mean Squared Error 
(RMSE) of 0.033 for the test dataset. In addition, for all data, the model achieves 
an AARE of 6.30%, an RMSE of 0.0098, and an R2 value of 0.9942. Furthermore, 
in the present study, a sensitivity analysis is conducted on the data to determine 
the degree of influence of the input parameters on the target function. 
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1. Introduction 

Spouted beds have been introduced as an alternative technique for fluidizing Geldart D particles, which are extremely 

dense and coarse [1]. The application of these beds has expanded across different industries, such as pharmaceutical, 

petrochemical, combustion, agricultural, nuclear fuel particles, and the food industry [2–5]. To achieve better control 

over the heat and mass transfer rates between gas and solid particles, it is crucial to understand the particle velocity 

at different levels within the spouted beds. Several experimental techniques have been proposed and used for this 

purpose, such as particle image velocimetry (PIV), laser doppler anemometry (LDA), and fiber optical probe (FOP). 

However, these techniques are often limited by the system geometries, scales, and operating conditions. Besides, the 

experimental set-ups are typically expensive, particularly at real-scale applications.  

Today, computational fluid dynamics (CFD) has significantly progressed as an alternative and accurate method for 

providing valuable insight concerning particle behavior, aiding in the optimization, design, and scale-up of spouted 

beds [6,7]. Two broadly used approaches embedded in most CFD software are used for predicting the particles’ 

behavior in gas-solid systems: the Eulerian and Lagrangian approaches. It should be noted that CFD modeling not 

only includes numerous adjustable parameters that can significantly affect the results, but also consumes substantial 

computational time [8,9].  

An alternative method for overcoming the mentioned limitations is to develop a nonlinear correlation between the 

target function and the influential parameters in the form of dimensionless groups. In this regard, several empirical 

correlations have been established to forecast some important design factors, such as minimum spouting velocity 

[10,11], pick and operating pressure drop [12], as well as other spouted beds factors, namely, the particle cycle times 

[13,14], heat transfer (Nusselt number), and mass transfer (Sherwood number) in spouted beds [15,16]. It should be 

emphasized that the minimum spouting velocity is determined as the minimum gas inlet velocity required to maintain 

a spouting regime [17]. 

Recently, it has been reported that the intelligence-based models are capable of predicting the minimum spouting 

velocity with accuracy greater than that of the explicit correlation built by the least square fitting methods (LSFM) in 

conical spouted beds with vegetable biomasses [18]. Therefore, intelligence-based predictive models are widely used 

rather than those developed by LSFM in terms of accuracy and covering a large volume of measured data (big data). 

Although several studies using intelligence-based models have been reported in the open literature [18–20] to estimate 

important design factors, there is a lack of machine learning-based models to estimate the local particle velocity 

within the spout section of the cylindrical spouted beds. Thus, this study aims to develop a machine learning method 

based on the well-known approach of a multi-layer perceptron neural network (MLP-NN) to predict the local particle 

velocity through the cylindrical spouted beds. In addition, to assess the importance of each input parameter on the 

local particle velocity, a sensitivity analysis is conducted. 

 

2. Materials and method 

2.1. The developed machine learning model  

The MLP-NN with Levenberg-Marquardt backpropagation is utilized because it is a non-linear multi-variable system, 

capable of establishing a strong correlation between the input and output variables. Due to its suitability for 

normalization within the [0, 1] range and its stable convergence during the training stage, the logistic sigmoid function 

was chosen rather than other activation functions such as ReLU and tanh. This is as follows: 
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where x is the sum of the inputs of the neuron and f(x) is in the range [0 1], and an identity function is used in the 

output layer. Although alternative configurations, such as two-hidden-layer networks with varying neuron counts, 

were examined, they did not significantly improve model accuracy and resulted in increased training time compared 

to a single-hidden-layer network. Consequently, consistent with the previous research [21], the current MLP-NN 

utilizes a single hidden layer, achieving comparable results with reduced computational time. The model is 

constructed with seven neurons for the input layer, seven neurons for the hidden layer, and one neuron for the output 

layer. The input layer receives the relevant information regarding the independent variables from the dataset. Fig. 1 

illustrates the scheme of the developed MLP-NN, including seven neurons in the input layer, seven neurons in the 

hidden layer, and one neuron in the output layer, for estimating the local particle velocity through the spouted beds.  

 

 
Fig. 1. The developed MLP-NN model for the prediction of the local particle velocity 

 

A random data splitting method was employed in the present study, which is an acceptable and widely used approach 

in engineering applications [18–20]. The number of measured data points is 224, which are randomly divided into 

70% (156 data points) for training the model, 15% (34 data points) for model validation, and the remaining data (34 

data points), i.e., unseen data points, for the test dataset. The network is trained based on the configuration mentioned 

previously. Fig. 2 illustrates the mean squared error (MSE) against epoch for the training, testing, and validation data. 

It should be noted that the training data points are also classified into two subsets: training and validation. 

Furthermore, the validation graph (green line) can define the optimal epoch. As observed at 82 iterations, the MSE 

of both the validation and test stages reaches their minimum values. It is important to note that to enhance the 

convergence of the MLP-NN, the input variables have been normalized as each input variable was scaled to the range 

of [0, 1] by subtracting the minimum value and dividing by the range (max – min). 
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Fig. 2. Mean squared error versus number of epochs for train, validation, and test sets 

 

To assess the accuracy of the particle velocity estimated by the developed MLP-NN model compared to the measured 

data, the metrics of RMSE, AARE, and R2 are used. They are defined as: 
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where uExp. is the experimental value of particle velocity and ucal. is the corresponding value estimated by the MLP-

NN model, and n refers to the number of data points.  

 

2.2. Data collection and model variables  

In contrast to fluidized beds, the minimum velocity for spouting particles in cylindrical spouted beds is affected not 

only by various parameters, such as the acceleration of gravity and gas and particle properties, but also by design 

parameters like the bed cone angle, gas inlet diameter, static bed height, and bed diameter. In addition to these 

parameters, the minimum spouting gas velocity and the inlet gas velocity influence the particle velocity. Therefore, 

to achieve a general correlation between the independent variables and the local particle velocity for cylindrical 

spouted beds, the aforementioned parameters are arranged into dimensionless groups. The experimental data were 

gathered from [22–25] for training and testing of the MLP-NN model. The bed diameters in the cylindrical portion, 

i.e., Dc, are 0.152 and 0.076 m; cone angles, γ, are 30°, 45°, and 60°. The inlet diameters, Di, are 0.0095, 0.019, and 

0.03 m. The static bed heights, H0, are 0.16, 0.14, 0.20, 0.28, and 0.323 m. Moreover, the particle diameters within 

the beds are 0.00109, 0.00133, 0.00184, 0.00254, and 0.004 m, and the particle densities are 2420, 2450, 2485, and 

2493 kg/m3. The relationship between the variables has been incorporated into the MLP-NN as follows: 
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where up is the time-averaged local particle velocity, the target function, U is the superficial gas velocity, and Ums is 

the minimum spouting velocity, 𝜌𝜌 is the material density, and subscripts p and g refer to the particle and gas phases. 

To capture the complex relationship between the variables, an artificial neural network is utilized here. 

 

3. Results and discussion 

According to Eq. (5), the intelligent approach of MLP-NN with a hidden layer containing 7 neurons is employed to 

estimate the local particle velocity for cylindrical spouted beds using Geldart D particles, utilizing a back-propagation 

algorithm.  

Table 1 presents the different error metrics for evaluating the developed MLP-NN model based on the training, 

validation, and testing datasets.  As can be seen the model was perfectly trained with R2, AARE, and RMSE of 0.9974, 

6.30%, and 0.0098, respectively, which confirms that the model is capable of providing a suitable relationship 

between the variables. In addition, the results of the validation stage from the training process also reveal that the 

model accurately provides correlations between the input and output results. Furthermore, the testing stage on the 

unseen 34 measured data yielded R2, AARE, and RMSE values of 09842, 13.32%, and 0.033, respectively. These 

results demonstrate that the present MLP-NN model can predict the local particle velocity in various locations with 

high accuracy. In addition, these error metrics confirm the reliability and generality of the model in estimating this 

important hydrodynamic parameter in gas-solid cylindrical spouted beds. The analysis of relative error percentages 

reveals that 85% of all examined data (including training, validation, and testing data points) have an error percentage 

lower than 9.6%, which affirms the accuracy of the proposed model. 

 
Table 1. The metric errors obtained by the MLP-NN model for 

the training, validation, and testing stages 
Dataset RMSE, AARE R2 

Train 7.6× 10−5 4.33 0.99745 
Validation 0.0314 8.31 0.99279 
Test 0.0330 13.32 0.98425 
All 0.0098 6.30 0.99421 

 

Fig. 3 compares the particle velocity through the bed from the MLP-NN model to the corresponding measured data 

for the training, testing, and validation stages, as well as for all data combined. This figure clearly confirms the 

reliability and superiority of the MLP-NN model for all training, testing, and validation stages, as the proximity of 

the estimated data to the best-fit line is considerable for all the mentioned datasets. Therefore, the constructed MLP-

NN model can be used with high accuracy for describing the key hydrodynamic parameter of local particle velocity. 

Moreover, due to the similarity of the testing stage results to those for the training data in terms of accuracy and trend, 

it can be concluded that the developed model does not exhibit overfitting or underfitting. The best line (named by Fit) 

closely tracking the predicted data are nearly identical to the experimental data (best-fit named by dashed line) for 

the training and all data cases, which affirms the robustness of the developed model in predicting particle velocity in 

spouted beds. 

The performance of the MLP-NN model in demonstrating the physical behavior of particle velocity in the spout 

region is also examined. The results of this analysis are presented in Figs. 4 and 5.  

Fig. 4 compares the predicted radial distribution of particle velocity at different levels with the measured data 

extracted by Olazar et al. [22] under the same conditions. A close agreement between the experimental findings and 
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MLP-NN outcomes is observed, particularly in the central region at lower levels, i.e., Z/D = 0.13 and 0.66. However, 

as the flow reaches the annular region, where the particles move downward, the model results slightly deviate from 

the measured data. In addition, at higher levels, i.e., Z/D = 0.92, the MLP-NN model shows a considerable error in 

predicting the particle velocity in the central region. The particle velocities at the bed axis (r/R = 0) are at their 

maximum values and decrease to approximately zero at the spout-annulus boundary. Overall, a similar trend between 

the MLP-NN model results and the real data is observed in terms of longitudinal vertical particle velocity. 

 

 
Fig. 3. Particle velocity in the bed predicted by the MLP-NN model compared to the 

corresponding measured data for the training, validation, and testing stages 
 

Fig. 5 compares the predicted particle velocity along the bed axis with the measured data extracted by Olazar et al. 

[22] under the same conditions. As can be seen, the particles reach their maximum velocity and then gradually 

decelerate. This sharp decrease continues to zero at the fountain region. An excellent consistency between the model 

and experimental results is observed, which reveals the robustness of the model in predicting the physical behavior 

of particle velocity in the spout region for beds with different cone angles (30° and 45°). 

Determining the importance of the input variables as dimensionless groups in controlling the local particle velocity 

in the spout region can be a useful task for designers. Fig. 6 presents the relevance factors between the model’s input 

parameters and local particle velocity in the spout region. From the figure, the dimensionless groups that directly 

affect the local particle velocity are dp/Dc and Di/H0. However, Z/D, r/D, Tan (γ), U/Ums, and 𝜌𝜌𝑝𝑝/𝜌𝜌g have an inverse 

relationship with the local particle velocity at their given ranges. For instance, Figs. 4 and 5, which have been provided 

for two cone angles of 45 and 30, respectively, under the same other conditions, demonstrate two different particle 
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velocities of 3.41 and 3.06 m/s at Z/D = 0.13 (highlighted points) that the sensitivity analysis presented here. On the 

other hand, Z/D has the highest impact on the up, which is followed by r/D, Di/H0, U/Ums, dp/Dc, 𝜌𝜌𝑝𝑝/𝜌𝜌g and Tan (γ).  
 

 

 

 
Fig. 4. The radial distribution of particle velocity at different levels for the spouted bed operated by Olazar et al. 

[22] with the characteristics and operating conditions of (Dc=0.152 m, Di = 0.03 m, 𝛾𝛾 = 45 °, H0= 0.2 m, 𝜌𝜌𝑝𝑝 
=2420 kg/m3 and dp = 4 mm, Ums = 1.36 m/s, U =1.39m/s) 

 

4. Conclusion 

The present study established an intelligence-based model to estimate the particle velocity in the spout region of 

cylindrical spouted beds. Therefore, the predictive machine learning approach of a multi-layer perceptron neural 

network (MLP-NN) was used to analyze the feasibility of calculating the local particle velocity through the spouted 

beds. About 224 experimental data points, including variations in bed diameter, inlet diameter, static bed height, cone 

angle, minimum spouting velocity, and inlet gas velocity for Geldart D particles with different densities and 

diameters, were gathered and subsequently used for training, validating, and testing the proposed model. The MLP-
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NN-based model obtained the proper results in the prediction of the particle velocity in the bed with the R2 = 0.9842, 

AARE = 13.32%, and RMSE = 0.33 for the test data. In addition, R2, AARE, and RMSE for all data were 0.9942, 

and 6.30%, and 0.0098, respectively. In addition, the developed model was evaluated for its ability to predict the 

trend of particle velocity in the longitudinal and axial directions, and a strong agreement was observed with the 

measured data. 

 
Fig. 5. The particle velocity along the bed axis for the spouted bed operated by Olazar et al. 
[22] with the characteristics and operating conditions of (Dc=0.152 m, Di = 0.03 m, 𝛾𝛾 = 30°, 

H0= 0.2m, 𝜌𝜌𝑝𝑝 =2420kg/m3 and dp = 4mm, Ums = 1.36m/s, U =1.39m/s) 
 

 
Fig. 6. Relevancy of the input factors with the local particle velocity in the spouted bed 

 

Ultimately, a sensitivity analysis was conducted on the data to investigate the impact of each dimensionless 

independent variable on the target function. The results showed that the more important parameters, in decreasing 

order of influence, are: Z/D, r/D, Di/H0, U/Ums, dp/Dc, 𝜌𝜌𝑝𝑝/𝜌𝜌g and Tan (γ). Developing an intelligent model for 

predicting local particle velocity within the primary regions of spouted beds, such as the spout, annular, and fountain 

regions, is a topic for future research. Beyond the MLP approach, the applicability of alternative methods like radial 

basis function (RBF), support vector machine (SVM), and Gaussian process regression (GPR) could also be explored. 
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