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                     Abstract 
 This study explores the dynamics and performance of diff erent time series models, such as stochastic, machine learning and 

deep learning models. The need to investigate diff erent techniques in the process of selecting the best model for forecasting 

area and yield of cereal crops in India and thereby yielding effi  cient predictions is demonstrated in this study. Six diff er-

ent time series models, namely, the autoregressive integrated moving average (ARIMA), artifi cial neural network (ANN), 

support vector regression (SVR), random forest (RF), convolutional neural network (CNN) and long short-term memory 

(LSTM) models, have been applied to predict the areas and yields of major cereal crops, such as paddies, wheat and maize. 

Data ranging from 1966 to 2021 concerning major states of India with respect to each cereal crop were considered for the 

study. Error metrics such as the root mean square error, mean absolute percentage error and mean absolute error were used 

to capture the best performing models. Among the 63 series analyzed, the CNN is found to be the best-performing model for 

27% of the datasets, followed by LSTM (21%), SVR (16%), ARIMA (16%), RF (11%), and ANN (9%). The study concluded 

that deep learning models, particularly CNN and LSTM, are superior in adaptability and robustness for capturing patterns in 

cereal data. Furthermore, the complex nature of the dataset often favours deep learning models, as they have proven eff ective 

in handling intricate relationships and nonlinear patterns. 
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      Introduction 

 Cereal crops are of paramount importance in global agricul-

ture and food security. They serve as fundamental sources of 

nourishment for a signifi cant portion of the world's popula-

tion. The production of cereals plays a pivotal role in shaping 

the economies, livelihoods, and overall well-being of nations 

(Pandey and Pandey  2023 ). The need for precise forecasting 

of the area and yield of cereal crops arises from the inter-

twined challenges of population growth, climate variability, 

and resource constraints. As the global population continues 

to expand, the demand for cereals has increased gradually 

(Olugbire et al.  2021 ; Erenstein et al.  2022 ). Cereal crops 

contribute signifi cantly to national and international trade, 

infl uencing commodity markets and food prices. The ability 

to forecast the area under cultivation and the expected yield 

empowers decision-makers to formulate policies, optimize 

resource allocation, and mitigate potential risks associated 

with fl uctuating market demands (Kim and Kim  2019 ). 

Among cereal crops, paddy, wheat and maize are considered 

key components of global food systems, emphasizing their 

importance in ensuring nutritional security and economic 

stability (Grote et al.  2021 ; Noort et al.  2022 ). Forecasting 

such agricultural data poses a signifi cant challenge, requir-

ing careful selection of predictive models and fi ne tuning of 

model parameters. The inherent complexity and dynamic 

interplay of diverse factors infl uencing crop data emphasize 

the need for an effi  cient model to capture hidden patterns. 

Every modelling approach has its own strengths and limita-

tions. Although stochastic models excel in handling linear 

and less complex data, they often prove inadequate when 

faced with intricate datasets. In recent years, machine learn-

ing (ML) and deep learning (DL) techniques have become 

integral in the fi eld of time series analysis because of their 

ability to manage complex patterns within data (Tamilselvi 

et al.  2024 ). The implementation of all these models in the 

agricultural sector has resulted in signifi cant transformation, 
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contributing valuable insights to the decision-making pro-

cess (Kowalska and Ashraf  2023 ). 

 The applications of ML and DL are generally found to be 

more suitable choices for daily, weekly, and monthly data. 

However, the challenge lies in the prediction of annual time 

series data such as crop yield or area under the crop, as they 

may exhibit varying degrees of complexity. This variability 

necessitates the use of distinct models to carefully select the 

most eff ective ones. Among the numerous stochastic mod-

els, autoregressive integrated moving average (ARIMA) 

stands out as the benchmark model for handling linear data. 

They are parametric models that strictly adhere to specifi ed 

assumptions and are highly suitable for datasets that are lin-

ear, follow normality, and are less complex (Cetintas and 

Apaydin  2023 ). Sharma et al. ( 2023 ) employed the ARIMA 

model for forecasting the yields of rice, wheat and maize. 

Owing to their ability to capture complex patterns and non-

linear relationships, ML and DL models are transformative 

techniques in this endeavour (Koul  2021 ). These methods 

are highly suitable for large and more complex data and are 

devoid of rigid assumptions. Wolanin et al. ( 2020 ) predicted 

wheat yield via deep learning techniques, whereas Bouras 

et al. ( 2021 ) used machine learning techniques to predict 

cereal yield in Morocco. The eff ectiveness of machine-learn-

ing models for crop yield prediction has been demonstrated 

by Elavarasan et al. ( 2018 ) and Bali and Singla ( 2022 ). 

 The primary objective of this study is to evaluate the capa-

bilities of various deep learning models in capturing trends 

in yield data and compare its eff ectiveness with stochastic 

and machine learning models. It employs stochastic models 

(ARIMA), machine learning models (artifi cial neural net-

works (ANNs), support vector regression (SVR), random 

forest (RF)), and deep learning models (convolutional neural 

networks (CNNs), long short-term memory (LSTM)), with 

a focus on the potential of deep learning models in predict-

ing the area and yield of cereal crops in India. Deep learn-

ing techniques has been used to agricultural data by variour 

researchers (Paul et al.  2023 ; Yeasin and Paul  2024 ). Data on 

the area and yield of paddy, wheat, and maize were collected 

for various states of India from the Directorate of Economics 

and Statistics, Government of India. Specifi cally, data pertain-

ing to the area and yield of paddy were gathered from major 

paddy-growing states, including Andhra Pradesh, Assam, 

Bihar, Haryana, Karnataka, Kerala, Madhya Pradesh, Odi-

sha, Punjab, Tamil Nadu, Uttar Pradesh, and West Bengal, 

spanning the years 1966–2021. Similarly, data on wheat were 

collected from prominent wheat-growing states such as Uttar 

Pradesh, Madhya Pradesh, Punjab, Haryana, Rajasthan, Bihar, 

Gujarat, Maharashtra, covering the years 1966–2020. Addi-

tionally, data related to maize were collected for states such 

as Andhra Pradesh, Bihar, Maharashtra, Karnataka, Madhya 

Pradesh, Rajasthan, Tamil Nadu, Uttar Pradesh, and West Ben-

gal from 1966 to 2020. This study enables the identifi cation of 

the strengths and limitations of individual models by compar-

ing diff erent time series models using a diverse set of data. 

    Materials and methods 

   Data preparation 

 The annual data concerning the area and yield of paddy, wheat 

and maize were pre-processed to fi t the model. To implement 

machine learning models, which are in regression setup, lag 

matrices of size fi ve were created. The lags are considered as 

the explanatory variables to capture the past information. The 

datasets were divided into training, validation and testing data-

sets at a ratio of 70:10:20. Prior to analysis, normalization and 

imputation of the missing values were carried out to increase 

the accuracy of the area and yield predictions, thereby facili-

tating more informed decision-making processes (Paul et al. 

 2023 ). The outline of the algorithm is represented in Fig.  1 .         

    Stochastic model 

   Autoregressive integrated moving average (ARIMA) model 

 ARIMA is a widely used parametric model for linear time 

series data, denoted as ARIMA (p, d, q), where p represents 

the order of autoregression (AR), d indicates the degree of 

diff erencing, and q stands for the order of the moving aver-

age (MA). The MA and AR orders are identifi ed via autocor-

relation function (ACF) and partial autocorrelation function 

(PACF) plots, respectively. The parameter d represents the 

number of diff erencing to achieve the stationarity of the series 

(Box et al.  2008 ). The parameters are estimated via maximum 

likelihood estimation techniques. The selection of the optimal 

model relies on the minimum values of the Akaike information 

criterion (AIC) and Bayesian information criterion (BIC). The 

data fi tted via the optimal model are classifi ed as white noise, 

which confi rms that the series are homoscedastic with a mean 

of zero (Yeasin et al.  2020 ). The ARIMA model is given by

      

where φ(L) and   θ(L)     are the AR and MA polynomials 

with orders p and q, respectively, and Δ d  is the diff erence 

operator. 

     Machine learning models 

   Artifi cial neural network (ANN) 

  An  ANN is a computational model inspired by the structure 

and functionality of the human brain. It comprises intercon-

nected nodes (Fig.  2 ), commonly known as neurons, organ-

ized into layers. These layers include the input layer, hidden 

 (1)𝜑(L)Δdyt = 𝜃(L)𝜀t
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layers, and output layer (Garai et al.  2023 ). The number of 

nodes in each layer varies depending on the dataset. The 

study employs a feed-forward neural network with a single 

hidden layer. The basic ANN model is given by

      

where  w  represents the weights given for each input node, 

 x  represents the input,  b  represents the bias, and  σ (z) rep-

resents the activation function (a logistic function was used 

for the present analysis).         

    Support vector regression (SVR) 

 SVR has emerged as a robust tool for handling nonlinear 

relationships within datasets (Fig.  2 ). A pivotal objective of 

SVR lies in its ability to map the input data into a higher-

dimensional space via a kernel function (Paul et al.  2023 ). 

This helps achieve the dual purpose of capturing complex 

 (2)
⌢
y = 𝜎

(
wT

X
+ b

)

relationships while minimizing prediction errors. The SVR 

model is given by

      

where  w  is the weight vector,  x  is the input,  b  is the bias, 

and  ϕ(x)  is the nonlinear mapping function, i.e., the kernel 

function. 

    Random forest (RF) 

 RF is an ensemble learning algorithm that operates by con-

structing a diverse array of decision trees during training and 

subsequently averaging the predictions of these individual 

trees. The introduction of an additional layer of randomness 

is achieved by considering only a random subset of features 

at each split in every decision tree. This randomness serves 

to diminish the correlation between individual trees, enhanc-

ing the overall robustness of the model (Paul et al.  2022 ). 

 (3)f (x) = wT𝜙(x) + b

  Fig. 1       Outline of the data 

analysis  

  Fig. 2       Machine learning models  
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The predicted price at time t denoted by  P t,  is obtained by 

averaging the predictions from all the individual trees.

       

where n is the number of trees in the forest, and  T n  is the pre-

diction of the  n th  tree. This ensemble approach helps capture 

complex patterns and interactions in the time series data, 

providing robust and accurate price forecasts. 

     Deep learning models 

   Convolutional neural network (CNN) 

  A  CNN is a specialized type of artifi cial neural network 

designed for processing images (Fig.  3 ). It excels in tasks 

such as image classifi cation and recognition. In time series 

analysis, CNNs can automatically learn features and pat-

terns, making them valuable for capturing temporal depend-

encies (Bhardwaj et al.  2023 ). The key components of a 

CNN include input, convolutional, pooling, fully connected 

layers, and an output layer. By using learnable fi lters, CNNs 

scan data to detect local patterns, allowing eff ective feature 

extraction. The focus on these layers enables dimensionality 

reduction and extraction of essential features.

      

where  O   t   is the convolved output value,  x   t   is the input vec-

tor,  k   t   represents the weights of the convolution kernel and 

 b   t   represents the bias.         

    Long short-term memory (LSTM) 

 LSTM is a specialized type of recurrent neural network (RNN) 

designed for processing and analysing sequential data, making 

it well suited for tasks such as time series analysis (Fig.  3 ). 

LSTMs are particularly powerful in capturing long-term 

Pt =
1

n

∑
Tb(Pt−1Pt−2,… , Pt−n)

 (4)Ot = tanh
(
xt × kt + bt

)

dependencies and patterns within sequences, overcoming chal-

lenges such as vanishing gradients in traditional RNN periods 

(Wang et al.  2022 ). The architecture of an LSTM includes 

memory cells and gating mechanisms, allowing it to selec-

tively remember and forget information over extended periods. 

The key components of an LSTM include three interacting 

gates: the forget gate ( f   t  ), input gate ( i   t  ), and output gate ( O   t  ), 
which regulate the fl ow of information in the cell at each layer.

      

      

      

where  x   t   is the current state,  h   t-1   is the previous hidden state, 

and  σ  is the sigmoid function.  b   f ,   b   i ,  and  b   o   are the biases, 

and  W   f,    W   i,    and W   o   are the weights of the forget, input and 

output gates, respectively. 

     Model comparison 

 The selection of the best-performing model for the data under 

consideration is carried out via various error metrics, such as 

the root mean square error (RMSE), mean absolute percentage 

error (MAPE), and mean absolute error (MAE). Assuming 

that   Yt     is the actual value,   ̂Yt     is the fi tted value and n is the 

number of observations, the diff erent accuracy measures are 

defi ned as follows:

      

      

 (5)Forget gate = 𝜎
[
Wf ×

(
ht−1, xt

)
+ bf

]

 (6)Input gate = 𝜎
[
Wi ×

(
ht−1, xt

)
+ bi

]

 (7)Output gate = 𝜎
[
Wo ×

(
ht−1, xt

)
+ bo

]

 (8)RMSE =

√√√√1

n

n∑
t=1

(
Yt − Ŷt

)2

 (9)MAPE =
1

n

n∑
t=1

|||Yt − Ŷt

|||
Yt

× 100

  Fig. 3       Deep learning models  
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 All analyses were performed using R Statistical Software 

(v4.1.2) via  tslstm ,  tensorfl ow ,  keras  R packages (Paul and 

Yeasin  2021 ). 

     Results 

 Initially, descriptive statistics were computed for the area and 

yield of crops to understand the nature of the data (Table  S1 , 

Table S2, and Table S3). The average area of paddy and 

wheat cultivation was high in Uttar Pradesh, with 5466.15 

and 8296.61 thousand ha, respectively. However, the average 

yield was high in Punjab, i.e., 3451.31 kg/ha for paddy and 

3636.19 kg/ha for wheat. In the case of maize, Uttar Pradesh 

has the largest area, with 1061.41 thousand ha, but the aver-

age yield was high in Andhra Pradesh (2955.30 kg/ha). The 

coeffi  cient of variation (CV) estimated for the area and yield 

of cereals showed signifi cant instability, which compels the 

application of effi  cient statistical models. Table  1  shows the 

various parameters tuned in the distinct time series models. 

These parameters are tuned with diff erent candidate values, 

aiming to extract the optimal performance from each model 

(Bacanin et al.  2023 ). The best model determined through 

this tuning process is subsequently chosen for fi nal model 

comparison purposes. For the ARIMA model, all the signifi -

cant lags are attempted for p and q before the fi nal model is 

selected on the basis of the minimum values of the AIC and 

BIC. The number of input nodes in the ANN is fi xed at 5, 

where the number of hidden nodes varies between 1 and 15. 

The commonly used logistic activation function was used 

in this study. The parameters of the SVR model, such as 

cost, Gamma and epsilon, were tuned within the ranges of 

 (10 −3 ,  10 +3 ),  (10 −2 ,  10 +2 ) and (0.1, 1.0), respectively. For 

the random forest, the node size was varied by 1, 2, and 

10, and the ‘ ntrees ’ were varied by 50, 100 and 150. In the 

case of LSTM, the model is optimized via ‘ Rmsprop’  with 

the ‘ ReLU ’ activation function. The hyperparameters such 

as lags, units and batch size were also tuned with possible 

values. The CNN model is fi tted with 16 fi lters, with a kernel 

size of 3 and 50 and 100 as epoch values.  

 Table  2  provides a comprehensive report of the perfor-

mance of diff erent models on the basis of the results pre-

sented in Table S4, Table S5 and Table S6 (performance 

of the models assessed on the basis of the error metrics for 

paddies, wheat and maize, respectively). The results demon-

strate the frequency of each model that was selected as the 

best performer for diff erent datasets. In the case of paddy 

and maize, the CNN followed by LSTM was found to be 

superior in fi tting the area and yield in diff erent districts. For 

 (10)MAE =
1

n

n∑
t=1

|||Yt − Ŷt

|||

wheat, the ARIMA model is the best fi tted model, followed 

by the ANN, SVR and CNN models. Among the 63 series 

under consideration, the CNN emerged as the top-perform-

ing model for 27% of the datasets, followed by the LSTM 

(21%), SVR (16%), ARIMA (16%), RF (11%) and ANN 

(9%) models. The models were ranked on the basis of their 

performance. Ranking was done based on the frequency of 

performance of each model. CNN model was ranked as 1 as 

it was emerged as the top-performing model for 17 datasets. 

LSTM model was ranked as 2nd with top performance in 

13 datasets. ARIMA and SVR was ranked as 3rd as their 

performed equally, followed by RF and ANN. The fi nd-

ings of this study highlight the importance of deep learning 

techniques, which are closely trailed by machine learning 

techniques that have emerged as the best models for fi tting 

most of the data. The stochastic model also performed well, 

especially for wheat.  

    Discussions 

 This study aims to explore diff erent time series techniques 

and identify the most suitable models for analysing the area 

and yield of major cereal crops, such as paddy, wheat, and 

maize, in major Indian states. The initial fi ndings highlight 

the regional disparities in both area and yield for cereal 

crops (Döring and Reckling  2018 ). This potential variation 

  Table 1       Hyperparameters for the performed models  

  Models    Parameters    Candidates  

  ARIMA    p, q    Iterated with all signifi cant lags  

  d    Diff erenced if needed  

  ANN    Input node    Fixed for 5  

  Hidden nodes    01:15  

  Activation function    Logistic  

  SVR    Cost    10 −3 to +3   

  Gamma    10 −2 to 2   

  Epsilon    0 to 1 with increments of 0.1  

  RF    ntrees    50, 100, 150  

  Node size values    1, 5, 10  

  LSTM    lags    5  

  Units    25, 20  

  Batch size    1  

  Epcho    50, 100  

  Optimizer    Rmsprop  

  Activation function    ReLu  

  CNN    Epcho    50, 100  

  Kernel size    3  

  Filters    16  

  Optimizer    Rmsprop  

  Activation function    ReLu  
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in agricultural practices across regions of India demands that 

policymakers and agricultural stakeholders frame location 

wise crop planning and crop production strategies (Khatri 

et al.  2023 ). The value of the CV confi rms the fl uctuations in 

the data across the years. Instead of running the default mod-

els, the study has attempted to tune the hyperparameters of 

each model to extract a better outcome. Experimenting with 

all these possible values of the hyperparameters would help 

in choosing an optimal value for each data that can result in 

effi  cient modelling. Error metrics such as the RMSE, MAPE 

and MAE help in selecting the best model. The outcome of 

the study refl ects the adaptability and robustness of deep 

learning in capturing patterns existing in cereal data. Impor-

tantly, the complex nature of the dataset often favours deep 

learning models, as they excel in handling intricate rela-

tionships and nonlinear patterns. In addition to deep learn-

ing, many machine learning models have also emerged as 

the best performing models for area and yield data (Meroni 

et al.  2021 ). The study also found that the ARIMA model 

outperformed machine learning and deep learning models 

for few datasets. This extent of complexity in the data plays 

a crucial role in model performance. Many of the datasets 

were less complex, making the ARIMA model more suitable 

compared to the more advanced models. This confi rms the 

eff ectiveness of an algorithm that is intricately linked to the 

unique characteristics of the data. Thus, the overall study 

demonstrates the dynamic interplay between data complex-

ity and model performance, achieving the most precise and 

insightful outcomes. 

    Conclusion 

 This study attempts to explore the performance of six dif-

ferent time series models, including stochastic, machine 

learning and deep learning models. The fundamental idea 

of experimenting with all possible models is to fi nd the 

best fi tted model for every dataset. All these models were 

applied to the area and yield of cereals across diff erent 

states. The results of the summary statistics provided an 

outline of the nature of the data, highlighting the regional 

disparities between the states with high areas of cultivation 

and the states with high yields. All the time series mod-

els were fi ne-tuned using grid search algorithm to achieve 

optimized outcomes. The RMSE, MAPE and MAE were 

used to identify the best-performing model. The fi ndings 

confi rmed the dominance of the deep learning model, fol-

lowed by the machine learning and stochastic models. In 

particular, CNN and LSTM emerged as the top-performing 

models for a substantial portion of the data. Furthermore, 

SVR and ARIMA were identifi ed as the subsequent best-fi t 

models in terms of overall performance. Future research 

could extend the analysis to other crops beyond cereals 

to validate the eff ectiveness of the models across diverse 

agricultural datasets. Other exogenous factors such cli-

matic information, soil characterises etc. can be included 

in the models to improve the accuracy and robustness. 

                  Supplementary Information     The online version contains supplemen-

tary material available at   https:// doi. org/ 10. 1007/ s43538- 024- 00345-3    .  

  Data Availability     Data will be available on reasonable request.  
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