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Abstract 
Peanuts are an important agricultural economic crop in the world, and China is the 
largest peanut producer. The freshly harvested peanuts are not conducive to 
preservation due to moisture. They are prone to mold and produce aflatoxins with 
strong carcinogenicity, which can cause serious safety hazards, waste and huge eco-
nomic losses. Comprehensive mechanization is the main way to dry peanuts in the fu-
ture, but the special structure of peanuts will cause peanut kernels to shrink during the 
drying process. In order to prevent the waste of peanuts and energy, it is necessary to 
measure the moisture content of peanuts when they are drying. So, this article uses LSTM 
model to realize the prediction process of peanut drying. Compared with the results of 
the previous SVR model, the LSTM model shows better performance. 
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1. Introduction 

Peanut is an important agricultural cash crop in the world [1, 2]. The global peanut planting area has 
been increasing in recent years. According to statistics, the global peanut planting area will be 25.26 
million hectares in 2018. China has 4.56 million hectares (18.05%), ranking second in the world. By 
the end of 2018, India was the world's second largest peanut producer, ac-counting for 11.40% of the 
world's total peanut production, while China was the largest peanut producer [3].  

Fresh peanuts just harvested have more water and strong biological effects. Therefore, if the freshly 
harvested fresh flowers are unfavorable for storage, they are prone to mildew, which in turn generates 
aflatoxins [4] with strong carcinogenicity, which will lead to the deterioration of peanuts. 
Unnecessary waste. According to statistics, peanuts, which account for 10% to 20% of the total output 
each year, produce aflatoxins due to mildew, which is harmful to human health, and can cause serious 
waste and huge economic losses. 

Therefore, most of the peanuts after picking must be dried for long-term stor-age and subsequent 
processing [5, 6]. The traditional operation method used for drying peanut pods is artificial field 
drying. However, due to the greater impact of environmental factors such as site and weather, the 
drying cycle is long, the drying state is unstable, and it is easily polluted [7]. With the adjustment of 
the agricultural production structure, the drying requirements for peanuts and English fruits are 
getting higher and higher, and the workload is also increasing. Traditional manual turning methods 
can no longer meet the actual needs of peanuts and fruits post-production processing. 

Therefore, realizing the comprehensive mechanization of peanut pod drying technology is the main 
route for peanut pod drying in the future. The special physio-logical structure of peanuts will cause 
the peanut kernels to gradually shrink during the drying process. As a result, it's critical to keep an 
eye on the moisture level of peanuts during the deep-bed drying process to assure consistency and 
avoid energy waste while assisting the drying process. 
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Even though some of models (ANN, SVR) in prior literatures show relatively good performance on 
the prediction of peanut drying. Until date, the relative errors between the anticipated and measured 
values have been relatively substantial.  

As an enhanced version of RNN and a model that has strong prediction per-formance, we anticipate 
that LSTM will be able to better estimate moisture content in real time throughout the drying process, 
hence assisting practical production. 

Three wet peanut cultivars with different fruit sizes and oleic acid concentra-tion were chosen to 
evaluate their drying properties in order to test the influence of the LSTM model. Peanut variety, 
beginning moisture content, drying temperature, air flow rate, and peanut stacking height were all 
considered. Furthermore, our sam-ples include 2,424 water content data of three types of peanuts 
dried under various drying settings; 2/3 moisture content data are used to train and obtain the results, 
while 1/3 left moisture content data are utilized to validate the results. 

According to the model evaluation results, the LSTM model has greater pre-diction accuracy than the 
LR, RLR, LLR, MLP, and SVR models, with R2 of 0.96, RMSE of 0.67, and MAE of 0.40. These 
findings indicate that the LSTM model is a promising technique for assessing peanut moisture content 
during drying. 

Our paper contributes to the existing literatures from the following aspects: first, it contributes to the 
literatures on LSTM application by first introduce LSTM model in the prediction on the peanut drying; 
second, it contributes to the crop dying literatures by proving the better prediction performance of 
LSTM model on the pea-nut drying; last, it contributes to the regression prediction model literatures 
by find-ing the significant effect of LSTM model on the prediction on the crop dying.ll manuscripts 
must be in English, also the table and figure texts, otherwise we cannot publish your paper. Please 
keep a second copy of your manuscript in your office. When receiving the paper, we assume that the 
corresponding authors grant us the copyright to use the paper for the book or journal in question. 
Should authors use tables or figures from other Publications, they must ask the corresponding 
publishers to grant them the right to publish this material in their paper. Use italic for emphasizing a 
word or phrase. Do not use boldface typing or capital letters except for section headings (cf. remarks 
on section headings, below).  

2. Literature Review 

Page model is the first semi theoretical model used in crop drying. Diamante & Munro, (1993) studied 
the drying of sweet potato chips by indirect solar drying device [8]. They discovered that the 
temperature fluctuation in the drying chamber af-fected the solar drying rate of sweet potato chips, 
and that the solar drying rate curve had a constant rate period and a linear decline period. A 
mathematical model for so-lar drying sweet potato chips was developed using a simplified version of 
the Fick diffusion equation. The mathematical model accurately describes the solar drying of sweet 
potato chips with less than 20% water content. In addition, the average effec-tive, the main factors 
impacting the solar drying process of sweet potato chips are the drying chamber temperature and 
sample thickness. 

Timm et al. (2020) studied the effects of infrared radiation drying on drying temperature and grain 
depth of cooked rice [9]. The page model is also used in this arti-cle. The results show that drying 
under extreme infrared radiation conditions can lower Hry, lengthen cooking time, and amplify 
unpleasant sensory features, which provides a scientific basis for the decision-making of industrial 
rice production pro-cess. 

Overhults et al. (1973) used modified page model to study the relationship between thin layer drying 
characteristics of soybean and harvest water content and dry air conditions [10]. The results show that 
the physical damage caused by drying may limit the range of temperature and / or relative humidity 
that can be used for drying soybean. 
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Kardile et al. (2019) find that Page model could better explain the data by fit-ting different semi 
empirical models to the drying data on puran (which is a stuffing of puran poli, a traditional Indian 
food, which is a mixture of cooked chickpeas and jaggery) [11]. The results showed that the water 
absorption, water solubility, rehydration rate, brightness, hardness and overall acceptability of iPP 
dried at 60 ℃ were the highest, and the browning indexes a * and B * were the highest* ° C is the 
lowest. Drying method had no significant effect on protein digestibility and mineral content in vitro. 

Thalerngnawachart & Duangmal (2016) found that the improved Henderson and pabis model was 
most suitable for experimental drying kinetics [12]. Hygroscopic isotherms of all Dried Papaya at 
30 ℃ ± two ° C. It is type III, with different curva-tures and different binding ability to water 
molecules and sugars. The Henderson model is in good agreement with the experimental data. NMR 
water mobility showed that glycerol had better ability to bind water than sucrose. 

Newton model is a semi theoretical model just like page model. Lewis (1921) proposed the first thin-
layer drying rate equation, which was comparable to Newton's cooling rate equation [13]. 

According to Sokhansanj (1987), a diffusion model with time-varying bound-ary conditions 
accurately predicts the complicated structure of the drying curve [14]; A conduction model with 
evaporating boundary condition, when used with the Gamson correlation for convective heat transfer 
coefficient, accurately predicts experimental grain surface temperature; When the grain temperature 
calculated by heat conduc-tion equation is combined with probit type germination loss model, the 
predicted germination value is different from that predicted by block heat equation. 

Yald ý z & Ertek ý n (2001) use diffusion approach model, for the drying ex-periment, a solar drying 
cabinet comprised of a solar air heater and a drying cabinet was used [15]. They experimented with 
three different drying speeds to see how they af-fected the drying time. Different moisture content 
models were developed based on their coefficient of determination to explain the drying curves of 
these items (R2). The results show that the drying curve can be well explained by the established thin 
layer drying model, and the determination coefficient is very high. 

Yang et al. (2007) used multilayer drying model, Newton model, Henderson papis model and five 
equilibrium moisture content models to simulate the drying process of peanut [16]. The results show 
that the hunmeida k-value model and the im-proved oswin-EMC model can be used to match the 
Henderson-pabis model to ob-tain the best experimental data fitting, but the prediction error of the 
middle layer temperature still exists. 

In the paper written by Goneli et al. (2017) [17], according to the experimental data of peanut thin-
layer drying. Under different air conditions, the mathematical model was updated to determine the 
effective diffusion coefficient and main ther-modynamic features of peanut thin-layer drying. In terms 
of experimental data, the traditional eight mathematical models used to describe the kinetics of thin-
layer dry-ing of agricultural products were modified, and the effective diffusion coefficient, 
thermodynamic properties, specific enthalpy, specific entropy and Gibbs free energy were determined. 

Araujo et al. (2017) fitted the mathematical model with the experimental da-ta of peanut fruit thin-
layer drying under different drying air temperatures [18]. Ten mathematical models traditionally used 
to describe the kinetics of thin layer drying are in good agreement with the experimental data. The 
results showed that page model was the most suitable model to describe the thin layer drying of peanut 
fruit. The relationship between effective diffusion coefficient and drying temperature can be 
described by Arrhenius equation. Thermodynamic properties enthalpy and entro-py decrease with the 
increase of dry air temperature, while Gibbs free energy in-creases with the increase of dry air 
temperature. 

Alam et al. (2018) introduced the experimental performance and artificial neural network model of 
BAU-STR rice dryer, and used an independent multilayer neural network method to predict the 
performance of BAU-STR rice dryer [19]. The BP algorithm is trained with 10 groups of 
experimental data, and the artificial neural network model is tested with another 10 groups of data. 
After full training, the pre-diction result of dryer performance is very good. The model can be used 



International Core Journal of Engineering Volume 8 Issue 9, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202209_8(9).0027

 

198 

to predict the operating potential of the dryer in different positions, and can also be used to predict 
the optimal control algorithm. 

Chaurasia et al. (2018) analyzed the applicability of the drying kinetics mod-eling method based on 
Gaussian process regression (GPR) using the drying data of mosambi peel [20]. The GPR based 
model is compared with ANN and RSM. The validity of the model is verified by comparing the 
simulation results with the observed data. The models were compared according to the performance 
indexes such as determi-nation coefficient, mean square error, root mean square error (RMSE), model 
predic-tion error, average deviation, goodness of fit and chi square analysis. The three mod-els fit the 
visible and invisible data well.  

To examine the drying properties of peanuts, Qu et al. (2020) developed a re-al-time moisture 
monitoring model based on SVR [21]. The results show that SVR model shows good performance, 
R2: 0.91, RMSE: 4.38, deviation: − 7.5e-3. When com-pared to the findings of the linear regression 
model and the multilayer perception model, the SVR model performs better. The SVR model was 
also validated using the drying data of three different peanut types. The relative error between the 
SVR mod-el's predicted value and the measured value is less than 20%, indicating that SVR is a good 
peanut drying modeling approach. In addition, this article gave me a lot of inspiration, and my thesis 
is also an extension of this article. I obtained the relevant data of this article, and followed his method 
combined with my algorithm for com-parison and verification. So, I did not conduct actual data 
collection, but this will also compare more accurate results. 

3. Research Methodology 

Although some models in the previous literature (MLP, SVR, etc.) have shown relatively good 
performance in the prediction of peanut drying, I think the LSTM model may be better adapted to the 
prediction of peanut drying, and may show better performance. The experimental effect of LSTM, 
some errors will be re-solved under the LSTM model.  

A long short-term memory network (LSTM) is a type of time-loop neural network. The LSTM is 
primarily used to overcome the RNN's long-term dependence problem (recurrent neural network). 
The LSTM is a type of recurrent neural network that has a chain structure, but it differs from the 
repeating modules of the recurrent neural network in terms of structure. It consists of four neural 
network layers, each of which interacts in a unique way. There isn't a single layer of a simple neural 
network.  

LSTM is based on RNN. A neural net-work called RNN is used to handle sequence data. It can 
analyze sequence change data more efficiently than a typical neural network. Because of the diverse 
material indicated above, the meaning of a word, for example, will have different meanings, and RNN 
can tackle this problem well. Its main form is shown in the figure below:  

 
Figure 1. naïve RNN 
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x denotes the current state's data input, while h denotes the previous node's data in-put. h' is the output 
sent to the next node, and y is the output in the current node state. The output h' is related to the values 
of x and h, as can be seen from the expression in the picture above. And the letter y is frequently 
utilized. h' to invest in a linear layer (mostly for dimen-sional mapping) and then use softmax to 
classify the input. The method for calculating y here through h' is frequently dependent on how the 
model is employed. We can obtain the following form of RNN by providing input in the form of a 
sequence:  

 

 
Figure 2. Recurrent Neural Network 

 

Long Short-Term Memory (LSTM) is a type of RNN designed to address the problem of gradient 
disappearance and explosion during long sequence training. Simply, LSTM performs better in longer 
sequences than standard RNNs. The following are the main input and output distinctions between an 
LSTM structure and a regular RNN: 

 

 
Figuer 3. LSTM 

 

Unlike RNN, which has only one transmission state ht,  LSTM has two trans-mission states, one ct 
(cell state) and one ht (heterogeneous transmission state) (hid-den state) (ht in an RNN vs. ct in an 
LSTM). The passed ct changes very slowly among them, and the output ct is usually the ct-1 passed 
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from the preceding state plus a few values. However, ht varies a lot depending on which node you're 
on. The internal structure of the LSTM is examined in detail in the following sec-tions. To begin, 
splice and train using the LSTM's current input xt and the ht-1 passed from the previous state to obtain 
four states: 

 

 
Figuer 4. obtain four states 

 

zf, zi, and zo are multiplied by the splicing vector by the weight matrix and then converted to a value 
between 0 and 1 using a sigmoid activation function as a gated state. And z is to apply a tanh activation 
function to turn the result into a num-ber between -1 and 1 (tanh is used here because it is used as 
input data instead of a gate signal). The following sections begin to explain how to use these four 
states in LSTM. 

 

 
Figuer 5. four states in LSTM 

 

The Hadamard Product is applied to the circle addition point, which means that the corresponding 
elements in the operation matrix are multiplied. As a result, the two multiplication matrices must be 
of the same type. Matrix addition is represented by the addition symbol. Inside LSTM, there are three 
stages: 
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1) Don't think about the stage. The purpose of this step is to selectively forget the previous node's 
input. Simply put, "ignore the inconsequential and remember the significant." 

The calculated zf (f stands for forget) is utilized as the forget gate to determine which ct-1 in the 
previous state should be remembered and which should be left. 

2) Choose a memory stage. This stage "memorizes" the information of this stage se-lectively. Its 
major purpose is to choose and memorize the input xt. Write less of what isn't important and more of 
what is. The previously calculated z represents the current input material. zi  (i stands for 
information) is in charge of the chosen gating signal. To have the ct sent to the next state, add the 
outcomes from the previous two phases. In the diagram above, that is the first formula.  

3) The final stage is the output. This step will determine which of the current state's outputs will be 
considered. It is primarily governed by zo. In addition, the co acquired in the preceding step is scaled 
(varied by a tanh activation function). 

The output yt is frequently obtained through ht modification, just as it is with stand-ard RNN. The 
internal structure of LSTM is as follows. Unlike typical RNNs, which can be cumbersome and only 
have one memory stacking mechanism, the transmission state is controlled by the stage control state, 
which remembers the unimportant infor-mation that needs to be memorized for a long period. It's 
particularly useful for tasks that necessitate "long-term memory." 

We wish to employ LSTM to anticipate the moisture content in real time throughout the drying 
process and assist with practical production because it has good prediction ability. Here are several 
main objectives:  

1) Use the LSTM model to better forecast how the peanut moisture in the hot air dry-er will change 
over time;  

2) Help reduce the loss of the peanut industry due to inaccurate drying time and in-accurate drying 
technology;  

3) Expand the new application of LSTM in crop drying technology.  

4. Cdata Source and Processing 

The source of the data in this article is the first-hand data obtained from university and the instructor. 
The data is classified according to the three types of peanuts, and then measured according to different 
temperature, hot air velocity, accumulation height and drying time. After preprocessing, the data is 
arranged according to variety, tem-perature, speed, height, time, and moisture. Then learn according 
to two-thirds of the data, and verify the one-third of the data. To allocate training set and test set. The 
final model evaluation uses R-squared (R2), RMSE , MAE in order to assess the model's quality. 

At the beginning, we import the function library and several libraries used by the LSTM model. And 
then, we set the number of data samples captured in one training session and the number of iterations. 
Then add three hidden layers of 4, 8, 16 neurons, and add a fully connected layer of 50, and then tile 
the output. The next step is to fit training, train the best parameters, and then predict the test set to see 
the gap with the true value. The next step is cross-validation to see if it will overfit. And to retrieve 
the real data and predicted data in order to keep the number of columns of the spliced array consistent 
with the previous ones. Finally draw a training and test fitting image and use the formula to get RMSE 
& MAE & R2. 

5. Results and Analyses 

Figure 6 shows the icon that the training curve and the test curve are fitted fast-er. The fitting effect 
is very good. And according to Table 1, it is concluded that R2 is 0.967. The best result under the 
same data of other people before is: The R2 of the MLP model is 0.90, and the R2 of the SVR model 
is 0.91 (Table 2 indicate the results in other models).  

Therefore, the results of the LSTM model in this experiment are better than the pre-vious LR, RLR, 
LLR, ANN, RNN, MLP, SVR models. 
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Figure 6. Loss function results (Epoch) 

 

Table 1. Results with LSTM 

Indicators Results 

R2 0.967 

RMSE 0.67 

MAE 0.40 

 

Table 2. Results for other models 

 

6. Conclusion 

Our paper prove that the LSTM model has the relatively good performance on the prediction of peanut 
drying by using the unique peanut drying data. The re-sults show that the relative higher R2 (0.967), 
lower RMSE (0.67), and the relative lower MAE (0.40) than previous models (ANN, RNN, MLP, 
SVR, etc.). 

This paper contributes to the existing literatures by the following aspects: it contributes to the 
literatures on LSTM application by first introduce LSTM model in the prediction on the peanut drying; 
it contributes to the crop dying literatures by proving the better prediction performance of LSTM 
model on the peanut drying; it contributes to the regression prediction model literatures by finding 
the significant effect of LSTM model on the prediction on the crop dying. 
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