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Abstract
Studies relating to the modelling of the traditional solar drying kinetics of cassava (Manihot esculenta Crantz) by
artificial neural networks, particularly by the multilayer perceptron, are very little provided in the scientific
literature. So, it is important to lead studies on this subject to contribute to thorough knowledge of this drying
process of cassava. It is in this context this study was carried out, with its main objective the static and hourly
dynamics modelling of the moisture contents of six cassava varieties intensively grown in Côte d'Ivoire by using the
multilayer perceptron, hence its originality. In this study, the implementation of the multilayer perceptron was
done with the Levenberg-Marquardt algorithm for model optimization. The best model for the static modelling of
the moisture contents for all cassava varieties considered in this study is 7- 4-1 model. This model explains to
97.61% (R2app) the variations of the seven input parameters and predicts at 95.45% (R2 test) the static evolution of
their moisture contents. For the hourly dynamics modelling of the moisture contents for all cassava varieties
considered in this study, it is best translated by 8-2-1 model. This model explains to 98.01% (R2 app) the hourly
variations of the 8 input parameters and predicts at 96.24% (R2 test) the hourly dynamics of theirs moisture
contents. These two models obtained present a good approach to the modeling of the traditional solar drying
kinetics of cassava. So, this study has once again shown the great capacity of artificial neural networks in general,
and in particular of the multilayer perceptron, for the modelling of any complex phenomenon, such as the
traditional solar drying kinetics of plants.
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INTRODUCTION
Studies relating to the thermal drying of plants, particularly those concerning solar drying have been always important since
the works of Lewis (1921) and Sherwood (1929). One of the characteristics of these studies is the modeling of their drying
kinetics. For this purpose, several models have always been developed. Most of these models are semi-empirical or empirical
models based on numerical simulations (Al-Ali et al., 2019; Castro et al., 2018; Djebli et al., 2020) and knowledge models
(Badoui et al., 2019; Ouabou et al., 2018; Wang et al., 2019). The implementation of these models is tedious and expensive, with
limited applications. As a result, they have no generalization power. To overcome these disadvantages for such studies, many
"black box" type models are increasingly used in this context. One of the most used models for that is Artificial Neural Networks
(ANNs), particularly MultiLayer Perceptron (MLP). The parsimony and speed of MLP have doing it a true statistical tool capable
of any complex phenomenon modeling (Yao et al., 2016a; 2016b). Thus, it is used in any scientific field. The prowess of this
model in solar drying processes is abundantly provided in the scientific literature, especially for that of plants (Akmel, 2010,
Kaveh et al., 2018, Karidioula et al., 2018; Onwude et al., 2019). However, its application in the modeling of cassava thermal
drying kinetic, particularly those of the traditional solar drying, is very little study. This fact is, therefore, a real interest of study.
Scientifically known as Manihot esculenta or Manihot esculenta Crantz, cassava is one of three major sources of
polysaccharides, with yams and breadfruits in tropical countries (Abass et al., 2014, Diallo et al., 2013). In 2017, its global
production was estimated by FAOSTAT (2017) at 291,992,645 tones, of which 55.2% from sub-Saharan Africa. It is one of the
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most widely consumed agricultural products in the Southern Hemisphere, especially from meals concocted from its flour, obtained
mostly by the traditional solar drying of its flesh in this geographical area (Del Villa et al., 2017, Diaz et al., 2018, RivadeneyraDominguez et al., 2013, Yahya et al., 2019). Thus, studies related to cassava solar drying are still of real scientific interest. This
fact is illustrated by recent works, as shown by those of Aviara et al. (2014), Yahaya et al. (2016) and Tieu et al. (2019). However,
models used in these studies, in general, are knowledge models and/or empirical or semi-empirical models. Also, these studies
refer to a single cassava variety generally undefined, on the one hand, and don't provide any information on the modeling of the
cassava traditional solar drying kinetics, which is the most solar drying process used in tropical countries, on the other hand.
Therefore, it is useful to conduct this study which aims to model the traditional solar drying kinetics of six cassava varieties grown
intensely in Côte d'Ivoire by ANN's, particularly by MLP. The main objective of this study is the static and hourly dynamics
modelling of the moisture contents of these cassava varieties during their traditional solar drying by using MLP.
2. MATERIAL AND METHODS
2.1. Scenarios implementation
The static modelling and the dynamic modelling of the traditional solar drying kinetics of six cassava varieties grown in Côte
d'Ivoire were conducted during this study. These six cassava varieties are known in Côte d'Ivoire under the name of Akaman,
Bocou, Bonoua, Manioc blanc, Yacé and Yavo. These modelling have consisted in the prediction of the moisture contents
evolution of all these cassava varieties during this drying process.
For the static modelling of the moisture contents of these cassava varieties, their moisture contents has been the single output
of MLP (TE). Seven parameters were used as input parameters of this model:
- the mass of cassava samples (m), expressed in kg;
- the different exchange surfaces (SC) of cassava samples, expressed in m2;
- the density of cassava samples (φ), expressed in g/cm3 or kg/m3;
- the mean daily ambient air temperature (Tj) corresponding to the date t (cumulative drying time), obtained from the
meteorological forecasts in the study area, expressed in °C;
- the mean daily ambient air humidity (HA) corresponding to the date t (cumulative drying time), obtained from the weather
forecasts in the study area, expressed in %;
- the mean daily ambient airspeed (Vja) corresponding to the date t (cumulative drying time), obtained from the meteorological
forecasts in the study area, expressed in m/s;
- the monthly global radiation (RGM) in the study area corresponding to the study period, expressed in KWh/m2/day.
In the case of the hourly dynamic modelling of the moisture contents of these cassava varieties, the parameter "cumulative
drying time (HSC) (expressed in hours)" was added to the seven input parameters used for the static modelling of their moisture
contents. In this study, it was used 6160 data set for static modelling and 6930 data set for the hourly dynamic modelling of their
moisture contents. These data were provided by the study doing by Kabran et al. (2019) on the traditional solar drying kinetics of
these six Cassava varieties.
The daily forecast data of temperature, wind speed, and air humidity over the study period were provided by AccuWeather
(2019). As for the data relating to global monthly radiation, they were by SODEXAM (2016), and this over the period from 1988
to 2016.
2.2. MLP implementation in this study
The MLP implementation was done using the Levenberg (1944)-Marquardt (1963) algorithm for optimizing the weakness of
prediction errors during the learning phase. The adaptive simulation rate method was used to accelerate this phase. The learning
rate was initially set at 0.2 and gradually reduced to 0.01 with 0.5 sequences. The different parameters were normalized from the
formula (1) and coded in a range between 0 and n (n belonging to the natural numbers). The weights of the network were
initialized before their modification during the learning phase.

with: xni, the normalized data between -1 and +1; xi, the real value of the data i; Xmax, the maximum value of the dataset used
and xmin, the minimum value of the dataset used.
The architecture of the network has been optimized by varying the number of hidden layers from 1 to 15. For each value of
the hidden layer, the simulations were carried out 1500 times and the best result of the corresponding network architecture was
recorded. This best result corresponds to the one with the highest correlation values (R) simultaneously during the learning,
validation and test phases, with very low means squared errors (MSE). Fifty percent (50%), twenty-five percent (25%) and
twenty-five percent (25%) of the data were used for the learning, validation and testing phases respectively. In this study, MLP
implementation was done using the Neural Toolbox module of MATLAB Release 2019a (2019).
2.3. Conditions for the choice of the best model
In this study, the choice of the best model was done taking into account the correlation values obtained in the learning phase
(Rapp) and the test phase (Rtest). The best model is that which have shown Rapp maximum value and Rtest maximum value
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simultaneously. In the case where Rapp maximum value and Rtest maximum value are obtained for the different models, the best
model has been that has presented the highest arithmetic mean (R) of R app and Rtest (4).

2.4. Statistical methods used for validation of the chosen models:
For the validation of the chosen models, the validation conditions of MLP models established by Yao et al. (2016a, 2016b,
2017) have been used. Thus, a model is validated if the following conditions are observed:
- R2test> 0.5 (Rtest > 0.7), ie the model must predict more than 50% the phenomenon studied during the test phase;
- the mean square errors (MSE) and the root mean square errors (RMSE) during the test phase must be relatively very low;
- the mean prediction error (emoy) between the experimental values (Yobs) and those predicted (Ypr) by the model during the test,
must be relatively very low. This error is calculated according to the following equation:

where N is the number of samples in the "test" database;
- the relative mean deviation error (Δ (%)) between the experimental values (Yobs) and those predicted by the model (Ypr) during
the test must be less than 10% as recommended for the statistical models (Noumi, 2004). It is obtained according to the following
equation:

3. RESULTS AND DISCUSSION
3.1. Results
3.1.1. Choice of the best models
The results obtained in the simulations for the different scenarios are presented in Tables 1 and 2. With reference to the
established criteria for the choice of the best models, the best model for the static modelling of the moisture contents for all
cassava varieties considered in this study is 7- 4-1 model. This model explains to 97.61% (R2app) the variations of the seven input
parameters and predicts at 95.45% (R2test) the static evolution of their moisture contents. For the hourly dynamic modelling of the
moisture contents of these cassava varieties, it is best translated by the 8-2-1 model. This model explains to 98.01% (R2app) the
hourly variations of the 8 input parameters and predicts at 96.24% (R2 test) the hourly dynamics of their moisture contents.
Table 1: Characteristics of the different models established for the static modeling of the moisture contents for all cassava
varieties considered in this study
Model
Rapp
Rtest
R
MSEApp
MSE test
7-1-1
0.978
0.972
0.975
0.015
0.022
7-2-1
0.981
0.966
0.974
0.014
0.02
7-3-1
0.983
0.971
0.977
0.012
0.026
*7-4-1
0.988
0.977
0.983
0.013
0.028
7-5-1
0.984
0.959
0.971
0.01
0.038
7-6-1
0.996
0.964
0.98
0.004
0.174
7-7-1
0.994
0.937
0.966
0.004
0.258
7-8-1
0.98
0.974
0.981
0.007
0.108
7-9-1
0.99
0.966
0.978
0.005
0.128
7-10-1
0.989
0.951
0.970
0.005
0.041
7-11-1
0.998
0.932
0.965
0.007
0.094
7-12-1
0.989
0.966
0.977
0.004
0.102
7-13-1
0.995
0.945
0.97
0.001
0.108
7-14-1
0.993
0.954
0.974
0.005
0.023
7-15-1
0.994
0.966
0.98
0.001
0.117
*The best model
Rapp, the correlation coefficient during the learning phase;
Rtest, the correlation coefficient during the test phase;
R, the arithmetic mean of Rapp and Rtest;
MSEapp, the mean square errors during the learning phase;
MCEtest, the mean square errors during the test phase.
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Table 2: Characteristics of the different models established for the hourly dynamic modeling of the moisture contents for all
cassava varieties considered in this study
Model
Rapp(t)
Rtest(t)
R(t)
MSEApp
MSE test
8-1-1
0.979
0.97
0.974
0.015
0.023
*8-2-1
0.99
0.981
0.986
0.013
0.027
8-3-1
0.991
0.975
0.983
0.014
0.028
8-4-1
0.991
0.973
0.982
0.01
0.023
8-5-1
0.989
0.967
0.978
0.008
0.069
8-6-1
0.988
0.942
0.965
0.010
0.03
8-7-1
0.99
0.961
0.976
0.008
0.032
8-8-1
0.988
0.97
0.979
0.007
0.038
8-9-1
0.988
0.945
0.967
0.01
0.033
8-10-1
0.99
0.952
0.971
0.002
0.26
8-11-1
0.99
0.897
0.944
0.007
0.065
8-12-1
0.99
0.958
0.973
0.006
0.072
8-13-1
0.988
0.933
0.961
0.006
0.079
8-14-1
0.992
0.949
0.971
0.004
0.059
8-15-1
0.988
0.972
0.98
0.006
0.073
*The best model
Rapp(t), the correlation coefficient during the learning phase;
Rtest(t), the correlation coefficient during the test phase;
R, the arithmetic mean of Rapp(t) and Rtest(t);
MSEapp, the mean square errors during the learning phase;
MCEtest, the mean square errors during the test phase.
3.1.2. Validity of the chosen models
As shown in Table 3, the two models established in this study have characteristics that verify the validation conditions
established. Thus, these two models are validated. The architectures of 7-4-1 model and 8-2-1 model are given respectively in
figures 1 and 2. The representations of the normalized values predicted as a function of the normalized experimental values for
these models are given in figures 3 and 4.
Table 3: Validation of 7-4-1 model and 8-2-1 model
Model validation
7-4-1
Observation with respect to
parameters
model
validation criteria
R2 test
0,954
> 0,5
MCEtest
0,028
Very low
RMCEtest
0,167
Very low
emoy
0,410
Very low
Δ(%)
1,119
< 10%
Model state (Validated or
Validated
not validated)

Figure 1: Architecture of 7-4-1 model.

8-2-1
model
0,962
0,013
0,114
0,087
3,931
Validated

Observation with respect to
validation criteria
> 0,5
Very low
Very low
Very low
< 10%
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Figure 2: Architecture of 8-2-1 model.

Figure 3: Representation of the predicated values as a function of the experimental values for the static modeling of moisture
contents for the six cassava varieties considered in this study.
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Figure 4: Representation of the predicated values as a function of the experimental values for the hourly dynamic modeling of
moisture content for the six cassava varieties cassava considered in this study.
3.2. Discussion
The different results obtained in this study once again confirm the ability of MLP to model any complex phenomenon (Yao et
al., 2016a, 2016b), particularly that of the traditional solar drying kinetics of plants. Indeed, the phenomena involved in this kind
of solar drying are based on climatological conditions (ambient air temperature, ambient air humidity, wind speed, intensity and
duration of insolation, etc.) that fluctuate a lot during this process. Also, the nature, the form and the composition of the product to
be dried, as well as the drying rack strongly contribute to this fact (Kabran et al.,2019). As a result, a total or partial consideration
of all these parameters in modelling of the traditional drying kinetics of plants by empirical or semi-empirical models and by
knowledge models is very tedious; and the results obtained would not be satisfactory. This fact would explain the scarcity of
works related to this subject in the scientific literature.
On the other hand, modelling by these models of the drying kinetics of plants in hybrid or non-hybrid solar furnaces, where the
drying parameters are known and controllable, leads to very satisfactory results and is very provided in the scientific literature
(César et al., 2020; Mehran et al., 2019; Seeranguraya et al., 2019; Torkashvand et al., 2017). Moreover, the great ability o f MLP
to model the drying kinetics of plants in hybrid or non-hybrid solar furnaces has been shown by numerous studies, including those
of Kaveh et al., 2018, Karidioula et al., 2018 and Wilkins et al., 2019. So, MLP can model any solar drying phenomena, therefore
ANN's in general (Benali et al., 2019, Çelik et al., 2016, Elsheikh et al. , 2019).
The performances of MLP models established in this study are very close to those of MLP models obtained by Akmel (2010)
and Karidioula et al. (2018) in the case of the solar drying of cocoa beans. As was the case for these authors, the number of
neurons on the hidden layer of the models established in this study is relatively low. This observation confirms the strong
correlation between the input and the output parameters used in this study. Indeed, the relative ambient air humidity, the ambient
air speed, the air ambient temperature, the product mass, the global solar radiation and the density of the product are very
influential parameters in solar drying plants (Dadda et al., 2008, Jain and Tiwari, 2003), as shown again by these models.
4. CONCLUSION
This study has highlighted the good prediction of the traditional solar drying kinetics of plants by AANs in general, and by
MLP in particular. Thus, it contributes to the scientific knowledge of this complex drying mode, depending on the weather
conditions. It could serve as a basis for very complex drying studies.
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