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Abstract  
Considering the little understanding of the hydrodynamics of multicomponent particle beds involving 
biomass, a detailed investigation has been performed, which combines well-known experimental and 
theoretical approaches, relying, respectively, on conventional pressure drop methods and artificial 
neural network (ANN) techniques. Specific research tasks related to this research work include: i. to 
experimentally investigate by means of visual observation the mixing and segregation behavior of 
selected binary mixtures when varying the biomass size and shape as well as the properties (size and 
density) of the granular solids in cold flow experiments; ii. to carry out a systematic experimental 
investigation on the effect of the biomass weight and volume fractions on the characteristic velocities 
(e.g., complete fluidization velocity and minimum slugging velocity) of the investigated binary mixtures 
in order to select the critical weight fraction of biomass in the mixtures beyond which the fluidization 
properties deteriorate (e.g., channeling, segregation, slugging); iii. to analyze the results obtained in 
about 80 cold flow experiments by means of ANN techniques to scrutinize the key factors that influence 
the behavior and the characteristic properties of binary mixtures. Experimental results suggest that the 
bed components’ density difference prevails over the size difference in determining the 
mixing/segregation behavior of binary fluidized bed, whereas the velocities of minimum and complete 
fluidization increase with a growing biomass weight fraction in the bed. The training of ANNs 
demonstrated good performances for both outputs (Umf and Ucf); in particular, the best predictions have 
been obtained for Umf with a MAPE1<4% (R2=0.98), while for Ucf the best ANN returned a MAPE of 
about 7% (R2=0.93). The analysis on the importance of each individual input on ANN predictions 
confirmed the importance of particle density of the bed components. Unexpectedly, results showed that 
morphological features of biomass have a limited importance on Ucf. 

Keywords: Fluidization, Binary mixtures, Artificial neural network, Segregation, Mixing, Canonical 
Correlation Analysis. 

1. Introduction  
Several unique operational advantages, like fuel flexibility, uniform temperatures, intense solids mixing 
and efficient heat transfer, have made the fluidized beds the most efficient and widely applied reactors 
for the conversion of biomass into useful forms of bioenergy and/or biofuels. In spite of this, relatively 
few authors have so far deepened the study of the relevant flow characteristics of fluidized beds 
involving biomass particles [1], which are critical for the success of novel energy-related processes as 
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well as improvement of the performance of the existing ones. So far, most fundamental work on binary 
bed fluidization is, in fact, mostly focused on dry and dense spherical particles of narrow size 
distributions, with limited extension to other regular shapes [1], which do not at all reflect the 
characteristics of the biomass particles. Further research is therefore needed to provide a general 
understanding of interactions among heterogeneous particles, as well as practical tools to predict the 
hydrodynamics behavior of binary mixture involving biomass. The development of models based on 
physicochemical relations are, however, expensive in terms of time and money. In this framework, 
artificial intelligence, and in particular machine learning (ML) techniques, has the potential to overcome 
the limitations of first principles models, as it can learn complex behaviors from dataset with a low-cost 
development of the model. Among several ML techniques, artificial neural networks (ANNs) are 
extensively used in different fields such as machine diagnostics, pattern recognition, quality control as 
well as fitting experimental data, gaining in the years a relevant role also in chemical engineering [2].  
Also in the field of multiphase systems, the scientific community implemented different ML techniques 
to solve problems related to the prediction of specific parameters and how the material properties, the 
operating conditions and the equipment features influence these latter [3–12]. In this regards, Chew & 
Cocco [3,4] tried to use ML techniques (random forest (RF) and ANN) to understand and predict the 
hitherto not fully understood fluidization phenomena in circulating fluidized bed (CFB) systems. They 
used RF to investigate the relative influence of the process variables (material type and operating 
conditions) on the local mass flux, concentration, segregation and cluster characteristics. The results 
revealed how some variables are mainly influenced by geometric characteristics of the CFB systems, 
others strongly depend on operating conditions while still others, which are more or less equally 
influenced by all process variables. Conversely, the ANN was trained to predict the output variables 
giving back good prediction for some output with a mean NRMSE2 value of about 0.04 and R2 values 
above 0.9; for other output variables the ANN gave poor prediction, probably due to the lack of 
accounting of some reactor characteristics. Despite this missing information, the authors improved the 
poor prediction trainings with a more accurate choice/elimination of the input variables based on the 
ranking of importance by the RF method. ANN was also used by Fu et al. [5] to predict the macroscopic 
flow characteristics of particles in a bubbling fluidized bed, as function of particle properties, gas velocity, 
gas distributor, axial position and radial position. The ANN training shows that the flow characteristics 
are affected by several of factors with the following importance rank Axial position > Radial position > 
Gas properties > Gas distributor. Moreover, the results obtained from ANN were compared with 
theoretical calculations based on constitutive equations, which have been less accurate than ML 
technique. Instead, Perrazzini et al. [12] tested the ability of ANN to estimate drying kinetics in fixed, 
fluidized and vibro-fluidized bed dryers under different operating conditions. The results show that the 
model is able to estimate new patterns just for the cases in which the database refers to a single type 
of dryer. Conversely, the developed networks showed difficulty to learn multiple patterns from different 
type of dryers, resulting in predictions with low accuracy, because information in the dataset about the 
different gas-solid contact were not present. This demonstrates the importance to choose proper input 
variables in the dataset for an efficient prediction. As concern the prediction of the minimum fluidization 
velocity (Umf), several authors used different ML techniques with a preponderance of ANNs. Targino 
and coworkers [9] trained ANN to evaluate the key factors that influence the condition of minimum 
fluidization of acai berry residues. The performances of trained ANN have been encouraging, because 
able to predict in a quite fairly good way the minimum fluidization velocity for conditions not present in 
the original dataset, demonstrating the potentialities of the ANN. It is worth to cite the work of Zhou and 
colleagues [10], because they combine the application of ANNs for Umf with a text mining approach for 
the automatic creation of the dataset. The text mining analyzed about 40,000 papers and the result was 
a dataset formed by more than 1400 observations, which include particle and fluid characteristics and 
operating conditions. The predictions of the ANN offer a better capability to estimate Umf with respect 
to Ergun and Wen−Yu correlation. Other authors focused their attention on the evaluation of the Umf in 
spouting beds [7,8] concluding that the ANNs provide reliable predictions, better than empirical 
correlations. Rushd et al. [6] compared different ML techniques used singularly or in combinations for 
the estimation of the terminal settling velocity of spherical and non-spherical particles in Newtonian and 
non-Newtonian fluid. In particular, the results highlighted that the RF regression model provided the 
best performance compared the other models used singularly, while the combination of different ML 
techniques performed very similar to the RF model but showed a more elevated computational 
complexity. 
In an attempt to tackle this knowledge gap, an experimental investigation aiming at analyzing the 
fluidization behavior of highly poly-disperse binary mixtures consisting of small and dense inert particles 
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mixed with less dense and coarse pieces of biomass fuels has been performed by using a borosilicate 
glass fluidization column (0.10 m ID) equipped with a 4-mm-thick sintered-glass gas distributor and the 
results are presented in this paper. Specifically, peels of fresh oranges, which mimic the solid by-
products of orange fruit processing, and tomato peels, which are the by-product of the peeling of 
tomatoes used for canning, were used as the biomass component due to the increasingly interest they 
are gaining as a potential 
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continuously recorded and the onset of both the conditions of minimum (Umf) and complete fluidization 
(Ucf) were comparatively determined by means of the conventional graphical methods, whereas the 
visual observation was used to identify the onset of the undesired slugging regime and segregation 
phenomena. For each of the investigated binary mixtures (e.g., UFA/FOP, FA/FOP, FS/FTP and 
CS/FTP) several fluidization tests were performed by increasing the biomass weight fraction (XB) into 
the bed; this approach made possible to both study the effect of the bed content on the characteristic 
velocities of the binary systems under study (i.e., minimum and complete fluidization velocities) and 
determine the critical value of XB beyond which the fluidization pattern deteriorates (e.g., channeling, 
segregation, slugging). As for fluidization tests relating to binary mixtures, the initial arrangement of the 
bed was that with teh bed components completely segregated and the biomass particles on the top 
(see Figure 1B). Starting from this fixed bed configuration, first the airflow rate was quickly set at 1500 
Nl/h (corresponding to a superficial gas velocity of about 5 cm/s) and then gradually increased until a 
slugging or turbulent regime was observed. In most of the performed experimental runs, an air flow rate 
in the order of 1500 Nl/h proved to be sufficient to ensure a gradual transition (in less than 2 minute) 
from the initial fully segregated fixed bed configuration (Figure 1B) to a well-mixed regime (Figure 1C) 
characterized by a uniform distribution of particles in the bed, as showed by the snapshots in Figure 1, 
which refers to CA/FOP-22 binary mixture. However, in general, both the critical air flow rate and time 
required to reach a well-mixed regime slightly increased by increasing the biomass weight fraction in 
the bed for each of the investigated binary mixtures [16]. It is worth noting that if a too high initial air 
flow rate was adopted, the system exhibited an almost plug-flow behavior, which means that all particles 
were transported out of the bed with little back-mixing. The values of the Umf and the Uc were measured 
upon decreasing the fluidization gas flow rate to avoid dependence on the initial bed configuration. 
Hence, during each experiment, starting from the above-mentioned well-mixed regime, the air flow rate 
was gradually decreased to zero and the pressure drop across the bed continuously recorded. 

     

Figure 1. A.) Pressure drop diagram of a two component mixture obtained by the complete 
mixing of spheres differing only in diameter (adapted from [20]);  B.) snapshot of the initial 
arrangement of the bed during the cold flow fluidization test performed on the CA/FOP-22 binary 
mixture: C.) snapshot of the CA/FOP-22 binary mixture “frozen” in a perfectly mixed condition 
by instantly bringing the fluidization gas flow to zero. 
 

2.4. Canonical Correlation Analysis and Artificial Neural Networks 

In a first phase, the parameters used as inputs were: inert material density ρparticle (kg/m3), inert Sauter 
diameter dSauter, biomass volume fraction in the bed (%vol.), biomass characteristic size (i.e., prevailing 
length Lb, mm), biomass particle density ρparticle (kg/m3), biomass sphericity factor Φb. In a subsequent 
phase, CCA inputs were linearly combined and incremented with the following ones: inert material bulk 
density ρbulk (kg/m3), biomass bulk density ρbulk (kg/m3), biomass weight fraction in the bed (%wt.). On 
the other side, the outputs parameters were the minimum fluidization velocity Umf and the complete 
fluidization velocity Ucf. About the calculation of Φb, fine orange peels present a pseudo-spheroidal 
shape with relative proportions of 1:1:2 [23], so a value of 0.93 was set; for coarse orange peels and 
fine tomato peels the shapes resembled rectangular parallelepipeds with relative proportions of 1:4:4 
and 1:2:4, so the values of Φb were set 0.64 and 0.68, respectively. Lb was defined as the average 
maximum dimension of the biomass particle; so, for fine orange peels, coarse orange peels and fine 
tomato peels Lb was 1.41, 5.00 and 1.04 mm, respectively. The performance indicators are MAE, MSE, 

Ug [cm/s]
0 5 10 15 20

D
P 

[P
a]

0

500

1000

1500

2000

2500

3000

Uif

Ucf

Umf
A. B. C

. 



 
8-11th May 2022, Chalmers University of Technology (Sweden) 

SAE, MAPE and R2 3 calculated in the evaluation of the fluidization velocity but for simplification, only 
MAPE and R2 have been reported here.  
Canonical Correlation Analysis (CCA) is widely used to extract the correlated patterns between two sets 
of variables. CCA looks at two sets of variables for modes of maximum correlation between the two 
sets. Thus, CCA sits at the top of a hierarchy of regression models where it is able to manage multiple 
predictors (inputs) and multiple predictands (outputs). If x is the set of predictors and y the predictands, 
then CCA can be used to predict y when new observations of x become available [24]. In this study, 
CCA is used as a starting and comparative statistical advanced analysis to the ANNs, in terms of 
performance (MAPE, R2), relative to the minimum and complete fluidization velocity, Umf and Ucf. In this 
study, ANNs were used to predict the minimum fluidization velocity Umf and the complete fluidization 
velocity Ucf. Input and output parameters used are the same used for CCA analysis. Specifically, an 
algorithm, called "netoptim", was conceived within the present research and implemented in Matlab to 
develop a large number of ANNs, with the goal of evaluating different choices such as: i.) the network 
type (fitnet, feedforwardnet and cascadeforwardnet); ii.) the number of neurons in the hidden layer (set, 
initially, equal to the number of inputs ± 3); iii.) the training function4. 
In this work, the authors decided to set up the transfer function as the hyperbolic tangent sigmoid, to 
avoid a further parameter to investigate. 

3. Results and discussion 
3.1. Experimental results - Dataset 

Table 2 lists the values of the velocities of minimum and complete fluidization obtained for the 
investigated binary mixtures as borrowed from a previous study of the Authors [16]. 

Table 2. Experimental operating variables and binary mixture characteristic velocities 
Binary 

mixtures 
% wt. 

Biomass 
%vol. 

Biomass 
Umf , 
cm/s 

Ucf, 
cm/s 

Binary 
mixtures 

% wt. 
Biomass 

%vol. 
Biomass 

Umf , 
cm/s 

Ucf, 
cm/s 

FS/COP-0 0 0.00 1.99 2.85 UFA/FOP-18 18.03 31.50 0.32 4.92 
FS/COP-1 1.03 5.65 2.27 5.08 FA/FOP-0 0 0.00 0.68 2.04 
FS/COP-2 2.04 10.69 2.35 5.62 FA/FOP-2 2.17 4.51 0.8 5.33 
FS/COP-3 2.97 14.97 2.62 6.19 FA/FOP-4 4.1 8.34 0.73 5.33 
FS/COP-4 4.18 20.05 3.17 6.63 FA/FOP-6 6.03 12.02 0.74 4.92 
CS/COP-0 0 0.00 3.75 6.43 FA/FOP-8 8.03 15.67 0.74 4.92 
CS/COP-1 1.04 5.57 4 5.24 FA/FOP-10 10.06 19.23 0.73 4.79 
CS/COP-3 2.96 14.62 3.79 5.10 FA/FOP12 12.34 23.06 0.6 4.92 
CS/COP-5 4.85 22.24 4.23 5.66 FA/FOP-14 14.16 25.99 0.66 4.92 
FA/COP-0 0 0.00 0.68 2.04 FA/FOP-16 16.3 29.31 0.61 4.91 
FA/COP-1 0.99 2.92 0.79 1.21 FA/FOP-18 18.18 32.11 0.55 5.31 
FA/COP-3 2.91 8.27 0.76 1.72 FA/FOP-20 20.56 35.53 0.59 5.43 
FA/COP-5 4.82 13.22 0.79 1.71 FA/FOP-22 22.07 37.61 0.57 5.68 
FA/COP-7 6.61 17.56 0.77 2.04 FA/FOP-24 24.07 40.29 0.59 5.81 
FA/COP-9 9.17 23.30 0.78 2.69 FA/FOP-26 26.27 43.13 0.6 6.60 
FA/COP-11 10.77 26.64 0.76 2.99 FA/FOP-28 28.25 45.60 0.81 6.96 
FA/COP-12 12.31 29.70 0.77 3.00 CA/FOP-0 0 0.00 3.05 5.94 
FA/COP-14 13.86 32.62 0.84 3.01 CA/FOP-2 2.17 4.75 3.21 5.19 
FA/COP-15 15.31 35.23 0.93 3.31 CA/FOP-4 4.06 8.69 3.21 4.92 
FA/COP-17 16.73 37.68 0.86 3.94 CA/FOP-6 6.01 12.57 3.24 5.18 
FA/COP-18 18.1 39.94 0.95 4.23 CA/FOP-8 8.05 16.44 3.55 5.94 
CA/COP-0 0 0.00 2.96 5.94 CA/FOP12 11.5 22.61 4.15 4.92 
CA/COP-2 2.01 6.12 3.07 4.53 CA/FOP-14 14.29 27.26 5.63 5.19 
CA/COP-4 4.09 11.93 3.09 4.53 CA/FOP-18 18.8 34.23 5.23 6.17 
CA/COP-6 6.08 17.06 3.1 4.82 CA/FOP-22 22.36 39.30 6.37 6.52 
CA/OP-8 8.05 21.76 3.24 5.53 CA/FOP-24 24.05 41.58 7.38 7.70 

 
3 MAE=mean absolute error; MSE=mean square error; SAE= sum absolute error; MAPE=mean absolute percentage error; 
R2=coefficient of determination. 
4  Levenberg-Marquardt, Bayesian regularization backpropagation, BFGS quasi-Newton backpropagation, Resilient 
backpropagation, Scaled conjugate gradient backpropagation, Conjugate gradient backpropagation with Powell-Beale restarts, 
Conjugate gradient backpropagation with Fletcher-Reeves updates, Conjugate gradient backpropagation with Polak-Ribiére 
updates, One-step secant backpropagation, Gradient descent with momentum and adaptive learning rate backpropagation, 
Gradient descent with momentum backpropagation, Gradient descent backpropagation; 
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Binary 
mixtures 

% wt. 
Biomass 

%vol. 
Biomass 

Umf , 
cm/s 

Ucf, 
cm/s 

Binary 
mixtures 

% wt. 
Biomass 

%vol. 
Biomass 

Umf , 
cm/s 

Ucf, 
cm/s 

CA/COP-10 10.15 26.41 3.29 5.38 FSS/TP-0 0 0.00 1.99 2.85 
CA/COP-12 12.24 30.70 3.38 5.58 FSS/TP-1 1 13.20 2.14 6.43 
FA/COP-14 14.31 34.66 3.49 5.58 FSS/TP-2 2 23.50 3.65 6.45 
CA/COP-16 16.36 38.33 3.42 6.10 FSS/TP-3 3.5 35.31 8.22 9.84 
UFA/FOP-0 0 0.00 0.35 1.04 FSS/TP-5 5.2 45.22 8.48 10.69 
UFA/FOP-2 2.17 4.43 0.34 4.12 FSS/TP-9 9 59.81 12.33 12.74 
UFA/FOP-4 4.13 8.26 0.34 4.28 CSS/TP-0 0 0.00 3.75 6.43 
UFA/FOP-6 6.06 11.88 0.35 3.84 CSS/TP-1 1 12.92 6.1 8.00 
UFA/FOP-8 8.05 15.47 0.36 4.13 CSS/TP-2 2 23.06 8.3 9.50 
UFA/FOP-10 10.16 19.12 0.38 4.27 CSS/TP-3 3.5 34.75 10.7 11.30 
UFA/FOP-12 12.04 22.25 0.28 4.41 FA/TP-1 1 7.37 0.87 2.69 
UFA/FOP-14 14.06 25.49 0.38 5.67 FA/TP-2 2 13.84 0.92 2.69 
UFA/FOP-16 16.26 28.87 0.37 5.33 FA/TP-3 3 19.58 1.15 3.01 

 

3.2. Modeling results  

Table 3 reports the results of the CCA analysis carried out for Umf and Ucf, in terms of MAPE for different 
attempts (tests 1-5) considering different combinations of input variables. Some inputs are fixed in all 
tests, such as the particle density of inert and biomass (𝜌'()*+  and 𝜌'()*, ), the Sauter diameter of the inert 
(𝑑-(.*/)+ ), the max average length (𝐿,) and the sphericity (𝛷,) of the biomass. Instead, the bulk density 
of inert and biomass (𝜌0.12+  and 𝜌0.12, ) was considered only for tests 3 and 4, while the biomass fraction 
in the bed was reported in mass for tests 1 and 3, and in volume for tests 2 and 4, in order to evaluate 
which of the 2 variables has a positive effect on the performance of the statistical analysis. Finally, for 
the test 5 the effect of the biomass fraction in the bed was considered both by weight and by volume.  

Table 3. MAPE of 𝑼𝒎𝒇 and 𝑼𝒄𝒇 obtained by CCA as a function of different set of inputs. 
 Inert Biomass Biomass fract. MAPE, % 

Test #  𝜌0.12+  𝜌'()*+  𝑑-(.*/)+  𝜌0.12,  𝜌'()*,  𝐿, Φ, %𝑤 %𝑣𝑜𝑙 𝑈67 𝑈87 
1 - × × - × × × × - 65.54 20.31 
2 - × × - × × × - × 76.02 17.98 
3 × × × × × × × × - 65.53 20.24 
4 × × × × × × × - × 75.98 18.18 
5 - × × - × × × × × 40.72 17.52 

 
In general, the CCA shows poor performance for Umf: a positive effect occurs when the biomass fraction 
(% wt.) in the bed is present among the inputs (tests 1 and 3), on the contrary the biomass fraction in 
the bed by volume tends to have a negative effect (test 2 and 4). However, a substantial improvement, 
even if the MAPE remains very high (>40%), occurs when both biomass fractions are used as inputs. 
The main difficulty of the CCA is found for low Umf values (<1 cm/s), which mainly concerns mixtures 
where the inert is alumina below 150 μm. Probably this is related to the fact that such a solid belongs 
to the Geldart A particle classification, which determines a non-uniform fluidization condition. 
Conversely, the performances on Ucf were much better, even if the effect of the biomass fraction is 
opposite with respect to that found for Umf. Actually, the best results were obtained when the volume 
value was used (tests 2 and 4), obtaining MAPEs of approximately 18%; instead, the utilization of the 
weight fraction triggers an increase in the error of about 2 % points (tests 1 and 3). The presence of 
both fractions improves performance slightly (test 5). In conclusion, the best performance of CCA were 
MAPE values of 40.72% for Umf and 17.52% for Ucf.  
The set of inputs used for the training of the ANNs, the same for Umf and Ucf, are those referred to the 
test 2 of the CCA. This choice was made because it gives the best combination between the number 
of inputs used and the value of the MAPE on Ucf, which is the variable of greatest interest here. Figure 
2 shows the MAPE values resulting from the training of the three different networks with different 
architecture as a function of the number of neurons. The training function was also varied for each type 
of network and number of neurons, thus testing 12 different types, for a total of 216+216 neural networks 
trained for Umf and Ucf. However, for the sake of clarity, only the best network obtained from the 12 
different types of training functions is reported for each value of the number of neurons. 
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Figure 2. MAPE obtained by the training of the three different networks as a function of the 

number of neurons. Umf on the left and Ucf on the right panel. 

Unlike the CCA, the ANNs perform better on Umf than on Ucf, even if in general it occurs that the ANNs 
have much better performances than the statistical analysis. For Umf the best network was the fitnet 
with 7 neurons (training function based on Bayesian Regularization algorithm) with a MAPE value of 
about 4%. 

 
Figure 3. Comparison of the experimental results and predictions derived from the ANN.  

Umf on the left and Ucf on the right panel. 

Both the fitnet and the feedforward have a very similar trend unlike the cascadeforwardnet, which 
instead differs greatly from the other two, in particular, for intermediate values of the number of neurons 
(figure 2 on the left). The differences among the type on ANN becomes less evident for Ucf (figure 2 on 
the right). For Ucf the best ANN was the feedforward net with 6 neurons and, as in this case of Umf, the 
best training function was the Bayesian Regularization algorithm. The MAPE obtained was about 6.71%. 
The best ANNs for the two outputs were further explored in detail in order to assess the impact of 
individual inputs on individual outputs. Figure 3 compares the real values of Umf and Ucf with those 
expected (U*mf and U*cf) from the respective ANN networks. For Umf it is possible to note that, also for 
low values, a satisfactory prediction is granted by the model, unlike the CCA, with a R2 of 0.98. This 
demonstrates the great ability of ANN to manage complex relationships among physical properties. 
Also for Ucf the accordance with U*cf was very good, presenting a R2=0.93. The application of the 
connection weight method [27–29] has permitted to evaluate the impact of individual inputs on the 
machine learning process (table 4). For Umf, the particle density of the inert has the greatest impact of 
approximately 46%, followed by the sphericity (23.8%) and the characteristic size of the biomass 
(11.8%). The strong impact of the particle density of the inert is almost certainly because, when the 
minimum fluidization condition is reached, only the inert material begins to fluidize, while the biomass 
remains static in segregated conditions. Ucf is strongly dependent both on the particle density of the 
inert (31.4%) and on the volumetric fraction of the biomass in the bed (31.9%), as expected, and on the 
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particle density of the biomass itself (13.6%), albeit to a lesser extent. Vice versa, the characteristic size 
and sphericity of the biomass seem to play a marginal role; this result was certainly not predictable and 
would deserve further investigation. 

Table 4. Relative importance of different inputs on Umf and Ucf. 
Variable 𝜌'()*+  𝑑-(.*/)+  𝜌'()*,  𝐿, Φ, %𝑣𝑜𝑙	𝐵𝑖𝑜𝑚𝑎𝑠𝑠 
𝑈67 46.8% 2.5% 3.8% 11.8% 23.8% 11.3% 
𝑈87 31.4% 9.4% 13.6% 6.9% 6.8% 31.9% 

 
4. Conclusions 
The present work investigated the fluidization and segregation behavior of poly-disperse binary 
mixtures of biomass and inert particles. In particular, air-dried orange and tomato peels were used as 
biomass feedstock whereas several granular solids with the same density but different size, or with the 
same size but different density were tested as inert bed component in order to determine the prevalence 
of the effect of either size or density on the fluidization and segregation behavior of the investigated 
binary systems. Tests at different weight fraction of the biomass in the bed were also performed for 
each of the investigated binary systems. Results suggest that the bed components’ density difference 
prevails over the size difference in determining the mixing/segregation behavior of binary fluidized bed; 
on the other side, the velocities of minimum and complete fluidization increase when the biomass weight 
fraction in the bed is raised. The results from the experimental campaign have been used to create the 
dataset for the training of ANNs in MATLAB environment for predictions of Umf and Ucf of binary mixtures. 
Before the development of ANNs, also a multivariate statistical analysis has been carried out by the 
implementation of Canonical Correlation Analysis (CCA). The results from CCA showed poor prediction 
performance particularly for Umf, where fails have been particularly observed in the case of fine inert 
materials belonging to Geldart A group. Conversely, ANNs demonstrated good performances for both 
outputs, i.e., Umf and Ucf; moreover, in opposite to CCA, best predictions have been obtained for Umf 
with a MAPE<4% (R2=0.98), whereas for Ucf the best ANN returned a MAPE of about 7% (R2=0.93). 
The analysis on the relative importance of the different inputs showed interesting results, which deserve 
a deeper investigation. Indeed, Umf depends strongly, as expected, on particle density of the inert solid 
and on the sphericity of the biomass, but the volumetric fraction (%) of the biomass in the bed and its 
characteristic length have had a lower impact on the results. This may be because, at minimum 
fluidization conditions, only the inert fluidizes, while the biomass remains static and segregated, and 
probably its presence in the bed represents, in a certain way, an obstacle to the movement of the inert 
solids. Conversely, the volumetric fraction of the biomass in the mixture becomes relevant for the 
prediction of Ucf, while the sphericity and the characteristic length of the biomass have a marginal role, 
as if the morphological characteristics of biomass become less important under conditions of complete 
fluidization of the bed. 
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