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Abstract: Climate change is a significant global challenge concerning agriculture and food security. The 

understanding of climate change effects on crop production is necessary for developing an effective adaptation 

strategies and predicting a crop yield accurately. This paper suggests the combined Clustering Long Short Term 

Memory Transformer (CLSTMT) model for crop yield prediction. CLSTMT is a hybrid model that integrates clustering, 

deep learning based LSTM and Transformer techniques. The outliers from the historical crop and climate data are 

removed using k-means clustering. Followed by, the crop yield is predicted using Transformer-based neural network 

with LSTM layers and feed-forward neural network (FNN) components. The model design effectively captures 

climate-influenced patterns, enhances the precision and comprehensiveness of crop yield prediction. The experiment 

is conducted using the dataset with crop yield, climate, and pesticide details over 101 countries collected from 1990 

to 2013. The comparative analysis reveals that the CLSTMT model outperforms other regression models such as 

SGDRegressor (SGDR), Lasso Regression (LR), Support Vector Regression (SVR), ElasticNet (EN) and Ridge 

Regression (RR). The proposed design effectively captures climate-influenced patterns, enhancing the precision and 

comprehensiveness of crop yield predictions. The findings indicate that the proposed model provides an accurate 

prediction of crop yield with high R2 of 0.951 and lesser Mean Absolute Percentage Error (MAPE) of 0.195. This 

value suggests a minimal average percentage deviation between the actual and predicted yields. The findings 

indicate that the CLSTMT model provides more accurate crop yield prediction compared to others. 

Keywords: Agriculture, Attention Mechanism, Crop Yield Prediction, Deep Learning, Encoders, Sustainable 

Agricultural Practices. 

 

1. Introduction 

Now a days, the crop yield prediction confer a 

significant benefit to policymakers and farmers. It 

emphasizes the necessity of customized adaptive 

strategies to tackle regional disparities in crop reactions 

to climate change [1]. The issue of climate change 

presents a substantial and difficult challenge to 

agricultural systems on a global scale, and it also 

represents a notable and concerning threat to the 

security of food supplies [2-4]. Therefore, there exists an 

urgent requirement for accurate and dependable 

forecasts pertaining to the consequence of change in 

climate on crop production. The ongoing climate 

changes are crucial to comprehend the complex 

correlation between climatic factors and agricultural 

productivity in various geographical areas [5]. This 

understanding is essential for developing successful 

adaptation strategies [6, 7]. The incorporation of deep 

learning techniques, specifically Transformer Encoders, 

into the modeling procedure offers a robust mechanism 

for capturing intricate patterns within the dataset, leading 

to enhanced precision and comprehensiveness in 

predicting crop yields. By utilizing the computational 

power of Transformer Encoders to effectively handle 

lengthy sequences and integrate attention mechanisms, 

the model is capable of identifying complex patterns that 

are influenced by changes in climate, thereby improving 

its predictive abilities [8]. The objective of this 

investigation is to provide the valuable insights related to 

intricate relationship between climate change and the 

crop production. This research examines the influence 

of various climatic factors, including temperature and 

precipitation, on crop productivity, with a particular focus 

on the adverse effects of higher temperatures and 

reduced precipitation levels. In this research, the dataset 

undergoes preprocessing steps including handling null 

values, removing duplicates, and converting categorical 

variables using one-hot encoding. After that clustering is 

performed to eliminate outliers. Then the dependent and 

independent variables are identified. A hybrid deep 

learning model, combining an LSTM and a Transformer 

encoder, is then employed. Integrating hybrid deep 
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learning models into the modeling process provides a 

robust approach for capturing complex patterns in the 

dataset, resulting in improved accuracy and depth in 

crop yield predictions. To ensure the sustainability of 

agricultural practices among the climate change 

challenges, it is imperative to implement tailored 

adaptation strategies that are suitable for specific local 

circumstances.  

The findings provide a vital basis for the 

development of proactive strategies aimed at mitigating 

the detrimental impacts of climate change on agricultural 

productivity [9, 10]. The need for comprehensive 

strategies that integrate climate science, agricultural 

practices, and policy frameworks is evident due to the 

challenges posed by climate change [11, 12]. This study 

provides evidence-based insights that can be utilized by 

policymakers and farmers to develop adaptive strategies 

that are specifically tailored to different regions and 

crops. By doing so, these strategies can help to enhance 

agricultural resilience and ensure the security of global 

food supplies [13]. The present study demonstrates the 

capability of advanced machine learning (ML) 

techniques, particularly deep learning (DL) with 

Transformer Encoders, in analyzing the complex 

relationship between climate change and crop 

production. The integration of climate science, data 

analytics and agricultural expertise presents a viable 

approach to ensure food security and reducing the 

effects of climate changes on susceptible communities. 

The global acknowledgement of climate change is 

imperative to prioritize data-driven and proactive 

approaches informed by research findings.  

The remaining sections are structured as 

follows: Section 2 offers the review of previous research 

endeavors and methodologies adopted to tackle the 

complexities of forecasting crop yields amidst climate 

change and agricultural productivity challenges. Section 

3 discusses CLSTMT prediction model architecture and 

the evaluation metrics employed. Section 4 describes 

the dataset, discusses the study's findings, including a 

detailed examination of the results obtained. Finally, 

Section 5 concludes the study and outlines the potential 

future research directions. 

 

2. Related Works 

This section explores the related research work 

undertaken by many researchers in the field of crop yield 

prediction. The primary concern pertaining to food 

security resides in the ramifications of climate change, 

specifically with regards to the impact on agricultural 

productivity [14]. To address this issue, researchers are 

employing deep learning techniques to examine 

extensive datasets and generate forecasts regarding the 

consequences of changes in climate on the agricultural 

sector. In recent years, there has been a growing 

acceptance and adoption of this particular approach, 

which holds promise for improving our understanding 

and preparedness for the future consequences of 

climate change on worldwide food systems. In [15], the 

researcher utilized publicly available crop yield data 

acquired from the Indian government to ingress the 

model’s effectiveness. The author suggests that in order 

to make progress in the field of study, it is necessary to 

improve the existing model by incorporating 

supplementary data, exploring different regression 

techniques, and considering alternative evaluation 

metrics. Chandraprabha and Dhanaraj [16] presented 

the study that investigates the utilization of data mining 

and machine learning methodologies on agricultural 

data analysis. Crop production forecasting utilizes 

various algorithms such as k-Nearest Neighbors (KNN), 

Bayesian Networks, Support Vector Machines (SVM) 

and K-Means Clustering. Significant advancements 

have been achieved in the pursuit of attaining elevated 

levels of precision and obtaining favorable results, 

thereby facilitating enhanced decision-making 

capabilities for agricultural practitioners and ultimately 

leading to improved crop productivity.  

 Shakoor et al., [17] improved the agricultural 

productivity by employing an intelligent information 

prediction analysis within the domain of farming. The 

research included two algorithms, specifically Decision 

Tree Learning- K-Nearest Neighbors Regression 

(KNNR) and ID3 (Iterative Dichotomiser3) to generate 

forecasts on agricultural yield rates. The study's results 

revealed that the decision tree, particularly the ID3 

algorithm, had higher performance in comparison to the 

KNNR technique in most cases. This phenomenon was 

clearly demonstrated by its capacity to produce more 

accurate forecasts while simultaneously reducing the 

occurrence of errors. Reddy et al., [18] implemented a 

smart irrigation system that utilizes ML algorithms and 

Internet of Things (IoT). The structure employs 

temperature, humidity, and moisture sensors and utilizes 

the Decision Tree algorithm to anticipate the crop water 

requirements. The system facilitates the transmission of 

email notifications to farmers, thereby assisting in the 

proactive management of water resources and the 

optimization of water utilization. The aforementioned 

technology possesses the capacity to greatly augment 

agricultural productivity while simultaneously preserving 

water resources. Additional empirical research is 

required to substantiate its efficacy across diverse 

agricultural contexts.  

Agarwal and Tarar [19] introduced an innovative 

methodology for forecasting agricultural yields, which 

involves the incorporation of DL and ML algorithms. The 

model incorporates Support Vector Machines (SVM), 

Recurrent Neural Networks (RNN) and Long Short-Term 

Memory (LSTM) algorithms. By examining numerous 

variables including temperature, precipitation, pH levels, 

relative humidity, and land area, the model possesses 

the capacity to forecast the optimal crop for a given set 

of conditions. This phenomenon leads to improved 

precision in comparison to existing models that are 
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presently accessible. The system provides farmers with 

valuable information, enabling them to make data-driven 

decisions and optimize profits while minimizing 

expenses. The consideration of artificial intelligence (AI) 

techniques in the agricultural sector demonstrates 

considerable potential in enhancing and streamlining 

productivity within the farming sector. Elavarasan and 

Vincent [20] presented a comprehensive framework 

based on deep reinforcement learning for the motive of 

crop yield prediction in sustainable agriculture. The 

study highlights the significance of predicting the crop 

yields in sustainable agriculture. The application of the 

deep reinforcement learning model is employed to 

address the challenges posed by unexpected weather 

patterns, fluctuations in soil composition and other 

variables that influence crop output. The study results 

offer substantiation for the effectiveness of the 

suggested model in properly predicting crop production, 

thus indicating its potential usefulness in the domain of 

intelligent agriculture. This study makes a valuable 

contribution to the progress of agrarian practices and 

establishes the groundwork for the development of more 

sustainable and efficient strategies for crop 

management.  

Palanivel and Surianarayanan [21] predicted 

agricultural productivity using machine learning 

algorithms and large-scale datasets. The study 

highlights the importance of precise yield prediction 

within the agricultural industry, particularly in relation to 

the challenges posed by water scarcity and 

unpredictable weather conditions. This research 

investigates a range of artificial neural networks and 

machine learning algorithms, such as Stochastic 

Gradient Descent regressor (SGDRegressor) and 

support vector machines, for predicting crop yield. The 

methodology involves the collection and preparation of 

data related to soil fertility, weather patterns, and various 

other factors that exert influence on crop productivity. 

According to the authors, both SVM and artificial neural 

network (ANN) exhibit favorable outcomes in the 

prediction of crop yield. In addition, the authors suggest 

conducting a research study to examine the effects of 

employing big data methodologies at various stages of 

the prediction process in order to improve accuracy. This 

study significantly contributes to the domain of smart 

farming by offering valuable assistance to farmers in 

their decision-making procedures, ultimately resulting in 

improved productivity and economic advancement.  

Durai and Shamili [22] utilized the deep learning 

and machine learning methodologies within the scope of 

intelligent agriculture. The research highlights the 

importance of employing cutting-edge technologies to 

improve agricultural methodologies. By utilizing these 

methodologies, agricultural practitioners can leverage 

data analysis to enhance crop productivity, reduce 

resource consumption, and enhance overall operational 

effectiveness. The results demonstrate how deep 

learning and machine learning models can transform 

traditional agriculture through the adoption of a smarter 

and more environmentally sustainable approach. This 

study contributes to the development of intelligent 

farming solutions, enhancing the efficiency and 

productivity of the agricultural industry. Cedric et al. [23] 

presented a comprehensive analysis of prediction of 

crop yield using ML algorithms. The study emphasizes 

the potential of these models in effectively predicting 

crop yields, a factor that can have a substantial influence 

on agricultural planning and food security within the 

area. The results indicate that the utilization of machine 

learning methodologies exhibits potential in offering 

significant contributions to the understanding of crop 

productivity. This has implications for policymakers and 

farmers, allowing them to make informed decisions to 

improve agricultural practices. Further research and 

increased collaboration among stakeholders are 

necessary to improve and expand the capabilities of 

these models. These endeavors will greatly contribute to 

the sustainable development of agriculture in West 

Africa. 

Ang and Seng [24] highlighted the benefits of 

employing hyperspectral and multispectral information 

processing systems and technologies in order to 

improve agricultural productivity and methods, thereby 

providing valuable insights to farmers and crop 

managers. These technologies have been widely utilized 

in various agricultural applications such as crop yield 

prediction, crop management, crop disease detection, 

monitoring of land utilization, soil conditions, and water 

resources. However, the integration of hyperspectral 

data in the field of agriculture presents notable obstacles 

concerning Big Data, as a result of the considerable 

volume of spatial and spectral data that is encompassed. 

Kalimuthu et al. [25] contributed to the field of precision 

agriculture by addressing the challenges faced by 

farmers due to unpredictable climate variations. The 

integration of machine learning techniques within the 

proposed crop prediction system offers a potentially 

effective strategy for accurately predicting forthcoming 

crop yields. This approach considers pertinent 

environmental and soil factors to enhance the precision 

of the forecasts. The combination of a naive Bayes 

Gaussian classifier and the boosting algorithm has 

demonstrated its efficacy as a dependable approach for 

attaining a high level of accuracy in crop prediction.  

Deforce et al. [26] suggested to employ 

Temporal Fusion Transformers (TFTs) as a means of 

predicting soil moisture levels in the context of smart 

agriculture. TFTs represent advanced time-series 

forecasting models that possess the ability to 

incorporate static features, such as soil characteristics, 

as well as future information, alongside historical data. 

The architecture of thin-film transistors (TFTs) includes 

variable selection networks, static feature encoders, 

LSTM encoders and decoders, gating mechanisms, and 

temporal multi-head attention. These elements enable 

the capture of intricate interrelationships among various 
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input features. Nagini et al., [27] developed a model to 

predict agricultural yield for different crops in the states 

of Andhra Pradesh and Telangana through the utilization 

of exploratory data analysis and diverse predictive 

models. The analysis considered various factors such as 

water availability, nitrogen levels, weather patterns, soil 

properties, crop rotation practices, soil moisture content, 

surface temperature, and rainfall. The study's findings 

demonstrate the effectiveness of different predictive 

models, including Linear, Multiple Linear, and Non-

SGDRegressor models. The aforementioned models 

demonstrated the capability to generate precise 

predictions regarding crop yield by utilizing the provided 

input parameters. The formulas pertaining to two and 

three predictors have been identified as valuable tools 

for predicting crop production within the field of 

Agriculture. 

Junankar et al. [28] presented the Temporal 

Fusion Transformers (TFT) as an innovative 

methodology for predicting time series data across 

different time intervals. TFT is characterized by the 

combination of advanced predictive modeling 

techniques and the capability to interpret temporal 

patterns. The model incorporates a gated mechanism, 

variable selection networks, static covariate encoders, 

and interpretable multi-head attention to achieve 

superior performance on real-world datasets, surpassing 

current methods. Numerous scholarly investigations 

have been conducted to explore diverse Deep Learning 

and Machine Learning models in the context of 

predicting crop yield. The temporal aspect of this 

problem remains highly significant. Temporal Fusion 

Transformers (TFTs) have been introduced to address 

the existing gap in the agricultural sector regarding 

decision-making for farmers. TFTs provide a reliable and 

easily understandable approach to predict crop yield, 

thereby enhancing performance in this domain. This 

contribution is considered valuable. Ang et al. [29] 

designed an improved oil palm yield prediction model 

through the utilization of multiple sources of data, the 

application of feature selection techniques, and the 

implementation of advanced DL and ML algorithms. The 

utilization of feature selection methodologies was 

employed to ascertain the most significant predictors, 

thereby enhancing the precision of crop yield 

forecasting. The incorporation of climatic variables 

acquired from satellites, such as CHIRPS-derived 

rainfall data and Landsat-derived Land Surface 

Temperature (LST) data, significantly improved the 

precision of yield forecasting. 

Goel et al. [30] utilized the VGG19 model and 

logistic regression as the classifier. They achieved 

impressive results marked by a high level of accuracy. 

The previously mentioned combination exhibited 

superior performance compared to alternative 

classifiers, such as neural network, decision tree, 

random forest, SVM, and AdaBoost. The utilization of 

the VGG19 convolutional neural network (CNN) in 

conjunction with Logistic Regression yielded the most 

favorable results across all evaluation metrics. Gurrapu 

et al. [31] presented a novel conceptual framework 

known as DeepAg, which integrates DL and 

econometrics methodologies to ingress the 

consequences of outlier events on agricultural 

production. The objective of the authors is to forecast 

commodity production by incorporating widely utilized 

financial indices, such as the Dow Jones, with 

agricultural products such as Milk and Cheese. In order 

to attain precise predictions, researchers employ 

Isolation Forests and Long Short-Term Memory (LSTM) 

networks for the motive of identifying outliers. El Hachimi 

et al. [32] offered significant contributions by offering 

valuable insights into the utilization of DL and ML 

methodologies in precision agriculture. This study 

establishes a foundation for improved resource 

management and climate change mitigation in the 

agricultural sector by offering accurate crop 

recommendations and weather forecasts. The potential 

implementation of the FLA7A (decision support system) 

platform would represent a significant progress in 

addressing the intricate challenges stemming from the 

growing global population and the increasing imperative 

to guarantee food security. The authors intend to employ 

the weather forecasting model in subsequent research 

endeavors with the aim of augmenting the decision 

support platform through the estimation of crop yield. 

Parasuraman et al. [33] designed a novel 

framework that utilizes machine vision technologies, 

drone data, and Internet of Things (IoT) for making 

informed decisions regarding crop cultivation by farmers. 

The framework achieves a crop detection accuracy rate 

of 99.96%.This paper highlights the significance of 

utilizing advanced technologies in order to optimize 

agricultural practices and enhance crop yield, all while 

mitigating environmental consequences and reducing 

reliance on detrimental pesticides. According to the 

research findings, the proposed framework provides the 

positive implications for the agriculture sector and 

facilitate the adoption of sustainable farming practices. 

The accuracy of deep learning methods can be 

improved with feature selection and optimization 

techniques [34, 35]. The prediction of plant diseases 

also will help an effective food management and food 

security [36]. Most of the studies have made a region 

specific study on precision agriculture and used datasets 

specific to a region. The various algorithms mentioned 

have not tried to build advanced machine learning 

techniques or deep learning techniques. The research 

done does not emphasizes the importance of tailored 

adaptive strategies to address regional disparities in 

crop responses to climate change. 

 

3. Methodology 

The objective of the paper is to perform 

predictive analysis on crop yield by utilizing the pesticide 
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and climate features along with crop yield feature. The 

procedural steps necessary for implementing the model 

involve the process of acquiring the statistical summary, 

unique values and dataset information. The data 

undergoes a sequence of preprocessing steps, which 

encompass data cleaning, null value validation and 

normalization. Then the outlier is eliminated by grouping 

similar samples and finding the outlier samples using k-

means clustering. Kmeans is also utilized to uncover 

underlying patterns in the dataset, with a special focus 

on traits that are predicted to have a major impact on 

crop yield. Then the columns pertaining to area and item 

have been subjected to the process of one-hot encoding. 

After that, the integration of model and dataset is 

achieved by defining the configuration of the neural 

network architecture. Subsequently, the model 

undergoes training using the specified training dataset, 

followed by validation using the validation dataset. After 

that the test data is used to generate predictions. Several 

evaluation metrics are calculated. Following this, a 

comprehensive examination is conducted utilizing 

diverse models, subsequently accompanied by the 

visualization of data in order to forecast crop yield based 

on empirical outcomes. 

 

3.1 CLSTMT Architecture 

The CLSTMT model is a Transformer-based 

neural network that incorporates LSTM layers and feed-

forward neural network (FNN) components in its 

architecture. The model is designed to accept input data 

that represents the characteristics of the training 

dataset. An Embedding layer converts the 2D input to a 

3D representation. The key component of the design is 

the Transformer Encoder block, which has two major 

components: the Attention mechanism and the Feed 

Forward (FF) section. The FF component analyses and 

integrates this information back into the network while 

the attention mechanism assists the model in focusing 

on pertinent information from the input sequences 

helping in processing the data. An embedding layer 

transforms the 2D input into a 3D representation at the 

base of the design. The embeddings are stored in the 

embedded inputs variable. The input data is processed 

in a succession of Transformer Encoder blocks after the 

first LSTM layers, with each block being in charge of 

processing the data in a self-attention and feed-forward 

fashion. The hyper parameter controls the quantity of 

Transformer Encoder blocks. The output of the 

Transformer Encoder blocks is then globally averaged 

and the data is processed and transformed further using 

multiple Dense layers with ReLU activation. In order to 

prevent overfitting during training, dropout layers are 

used. Adam optimizer with a learning rate of 0.001 is 

utilized as an optimizer and mean absolute error (MAE) 

is utilized as a loss function for building the model. Figure 

1 depicts the proposed CLSTMT prediction model 

architecture.  

The architectural design addresses the 

regression task by synergistically integrating the 

capabilities of Transformers for sequence manipulation 

and attention mechanisms with LSTM layers and feed-

forward neural networks. To enhance the model’s 

performance with respect to specific datasets and 

workloads, it is possible to modify the hyper parameters 

of the model. In CLSTMT model, the manual tuning of 

the parameters are done. Finally, the design of the 

transformer model is set as follows. Head size as 64, 

number of heads as 2, feed forward dimension as 64, 

number of transformer blocks as 4, MLP units as [128, 

64] and dropout rate as 0. The design of LSTM layer is 

set as follows. LSTM units as 128, Optimizer as Adam 

with a learning rate of 0.001, losss function as mean 

absolute error, epochs as 20 and batch size as 64. The 

data exploration process begins by importing necessary 

libraries and loading the dataset using Python libraries 

such as pandas, numpy, matplotlib, and seaborn. The 

next step in data wrangling includes identifying and 

addressing missing values, performing data cleaning, 

and removing duplicates. Various data visualizations, 

such as histograms, line plots, bar plots, and scatter 

plots, are used to analyze relationships between 

variables and identify trends and patterns in crop-related 

factors. Different regression models, including CLSTMT, 

SGDRegressor, Ridge Regression, Lasso Regression, 

Support Vector Regression (SVR), and Elastic Net are 

designed for predicting the crop yield. Each model 

performance is evaluated using R2 and MAPE.  

This study investigates the integration of a 

clustering and Transformer model with LSTM layers as 

a novel approach to improve predictive accuracy. The 

Transformer architecture is utilized, which includes 

embedding, multi-head attention, and feed-forward 

layers. The model undergoes training, evaluation, and its 

performance is compared to that of traditional regression 

models. This study presents a comprehensive analysis 

of the results, including scatter plots that demonstrates 

the alignment between actual and predicted crop yields. 

The evaluation of the model demonstrates their efficacy 

in forecasting crop yields. The CLSTMT model starts 

with preprocessing of the input data, followed by the 

clustering and removal of the outliers. Then it is applied 

to an input layer, followed by an embedding layer that 

converts the data into dense vectors. These vectors are 

processed by a Long Short-Term Memory (LSTM) block, 

capturing temporal dependencies through multiple 

LSTM layers. A Transformer encoder block is also 

applied, incorporating layer normalization, multi-head 

attention, dropout, residual connections, and feed-

forward networks to capture complex dependencies 

within the data. The outputs from the LSTM and 

Transformer blocks are merged using a concatenate 

layer. This combined output is then passed through fully 

connected layers (MLP) with ReLU activation and 

dropout layers for regularization. The final output layer 

generates the predicted crop yield.  
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Its performance is evaluated using R2 and Mean 

Absolute Percentage Error (MAPE). The following 

section discusses the functioning of the transformer 

encoder block and the LSTM model. 

 

3.1.1 Transformer Encoder Block 

The core of the model architecture lies in the 

definition of the Transformer encoder block, 

encapsulated within the transformer encoder function. 

This function integrates normalization, multi-head self-

attention, and feed-forward layers into a cohesive block. 

Initially, layer normalization is applied to the inputs to 

stabilize and expedite the training process. The multi-

head self-attention mechanism enables the model to 

focus concurrently on various segments of the input 

sequence, significantly enhancing its ability to capture 

intricate dependencies within the data. Dropout layers 

are introduced for mitigating the overfitting issues by 

randomly nullifying a fraction of input units during the 

training phase. Subsequently, a feed-forward network, 

consisting of additional layer normalization and two 

convolutional layers, processes the data. The first 

convolutional layer employs a ReLU activation function 

to introduce non-linearity and the second layer restores 

the input dimensions. Residual connections, adding the 

input to the output, are used throughout to facilitate the 

training of deeper networks by alleviating the vanishing 

gradient problem. 

 

3.1.2 Transformer LSTM Model 

The transformer model function delineates the 

comprehensive architecture of the Transformer model. 

The model receives input features with a specified 

dimensionality of the input embedding. Initially, an 

embedding layer converts these input features into 

dense vectors, which are then processed by two Long 

Figure 1. CLSTMT Model Architecture 
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Short-Term Memory layers. These LSTM layers are 

pivotal in capturing temporal dependencies within the 

data. The embedded input is subsequently fed through 

multiple Transformer encoder blocks, with the number of 

blocks determined by the number of transformer blocks 

parameter, set to four in this case. Following this, a 

global average pooling layer condenses the data 

dimensions, effectively summarizing the information 

from the entire sequence. The processed data is then 

passed through a series of dense (fully connected) 

layers, specified by the multilayer perceptron units 

parameter, which includes layers with 128 and 64 units. 

In order to prevent the overfitting, each dense layer is 

followed by a dropout layer. The final output layer is a 

dense layer with a linear activation function, generates a 

single value, suitable for the regression task of predicting 

crop yield. 

 

3.2 Performance Evaluation 

The model performance is evaluated in 

numerous ways using error measures [37, 38]. In the 

present paper the evaluation is done by using coefficient 

of determination (R2) and MAPE. The R2, also known as 

the coefficient of determination. It quantifies the portion 

of the variance in dependent variable that can be 

considered by the independent variables within a 

regression model. A greater R2 value signifies a more 

robust correspondence between the model and the data, 

whereas a smaller R2 value implies that the model 

inadequately captures the variability present in the data. 

R2 is computed as follows, 

𝑅2 = 1 −
∑ (𝑦̂𝑡−𝑦𝑡)2𝑛

1

∑ (𝑦𝑡−𝑦̅𝑡)2𝑛
1

    (1) 

Where the number of data, actual, mean of 

actual and forecast values are denoted by n, ‘yt
’, ‘ȳt’ and 

𝑦̂𝑡  respectively [39]. 

MAPE computes the mean percentage 

deviation of predicted values from actual values for ‘n’ 

samples as follows.  

MAPE =
1

𝑛
∑ |(

𝑎𝑐𝑡𝑢𝑎𝑙𝑡−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑡

𝑎𝑐𝑡𝑢𝑎𝑙𝑡
) ∗ 100| 𝑛

𝑡=0    (2) 

Where ‘actualt’ is the actual observed value at 

period‘t’ and ‘predictt’ is the predicted value at period ‘t’ 

generated by the model [40, 41]. 

4. Experimental Results 

 The dataset utilized for the experimental 

purpose encompassing agricultural data from a diverse 

array of countries, including Albania, Algeria, Angola, 

Argentina, and more, reflecting a global scope of 

agricultural practices and conditions. Within this 

framework, various crops are represented, ranging from 

staple grains like maize, rice, and wheat to root 

vegetables such as potatoes, sweet potatoes, and yams. 

This comprehensive dataset facilitates the exploration of 

agricultural trends and practices across different regions 

and crop types. It is collected from Kaggle database. The 

dataset contains 28242 samples and 7 attributes such 

as area, crop (item), year, rain, pest, temp and crop 

yield. It consists of samples of 10 crops from 101 

countries from the year 1990 to 2013. Table 1 shows the 

statistical details like avg_rain (average rain), pest_ton 

(Pesticide Tones), avg_temp(average temperature) and 

hg/ha_yield (Crop Yield) for different geographical area. 

The dataset appears to contain information 

relating to climate factors and pesticide usage for 

different crops grown in various countries. This 

comprehensive dataset facilitates the exploration of 

agricultural trends and practices across different regions 

and crop types. It is examined to uncover trends in crop 

production across various countries and to understand 

how environmental factors influence crop yields. 

Recognizing the crucial role of agriculture in the global 

economy, it's essential to grasp worldwide crop yield 

patterns. This knowledge is vital for tackling food security 

issues and mitigating the effects of climate change. Crop 

yield is heavily influenced by weather conditions such as 

rainfall and temperature, as well as pesticide usage. 

Having accurate historical data on crop yields is crucial 

for making informed decisions regarding agricultural risk 

management. 

The dataset will be divided into separate sets for 

training and testing purposes. Around 70% of the data 

will be allocated for training the models, 15% for 

validation and remaining 15% reserved for evaluating 

their performance. This division guarantees that the 

models are trained on a significant portion of the dataset 

and assessed thoroughly on unseen data to assess their 

ability to generalize.  

Table 1. Statistical characteristics of sample data from different area 

Area Item Year avg_rain pest_ton avg_temp hg/ha_yield 

Albania Maize 1990 1485 121 16.37 36613 

India Sorghum 1991 1083 72133 26.54 6553 

Italy Rice, paddy 1992 832 88227.6 12.89 58758 

Japan Potatoes 1993 1668 79821.18 14.68 304856 

Kenya Yams 1994 630 3469 16.58 74000 
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Figure 2. Correlation between year and yield 

Figure 3. Correlation between average rainfall and yield 
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Figure 4. Correlation between pesticide tonnes and yield 

Figure 5. Correlation between average temperature and yield 
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During the Exploratory data analysis the scatter 

plots are produced to show the correlation between year, 

avg_rain (average rain), pest_ton(Pesticide Tones), 

avg_temp(average temperature) with hg/ha_yield (Crop 

Yield). It is shown in Figure 2 to Figure 5. The regression 

line in each plot illustrates the general trend among two 

variables.  

This study suggests creating a tailored deep 

learning model using Transformer Encoders to predict 

crop yields by utilizing past climate data. The proposed 

model integrates LSTM layers and Transformer 

Encoders to effectively capture intricate patterns 

influenced by climatic fluctuations and enhance crop 

yield predictions accuracy. The primary objective of the 

Transformer Encoder block is to integrate attention 

mechanisms and effectively handle lengthy sequences, 

thereby improving the predictive capabilities of the 

model. The model comprises multiple dense layers with 

varying sizes and ReLU activation functions.  

Figure 6. CLSTMT: Predicted crop yield vs. Actual crop yield 

Figure 7. Support Vector Regression: Predicted crop yield vs. Actual crop yield 
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It concludes with a dense layer that utilizes a 

linear activation function to generate the output. The 

approach used involves employing the Adam optimizer 

and the MAE loss function for training the model. The 

model is compiled and trained by utilizing scaled target 

variables, thereby ensuring a stable optimization 

process. During the training process, the model 

undergoes 20 iterations, known as epochs, with a batch 

size of 64. The purpose of these iterations is to optimize 

the model's parameters and minimize the MAE loss 

function. The performance of the model is validated 

using the validation data. Testing dataset containing the 

independent variables (features) for making predictions 

and the corresponding target variable (crop yield), to 

spot any overfitting issues that could have occurred. 

Followed by the training phase the model generates 

predictions for the test dataset.  

Figure 8. SGDRegressor : Predicted crop yield vs. Actual crop yield 

Figure 9. Ridge Regression: Predicted crop yield vs. Actual crop yield 
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The predictions are then reverted to their 

original values using the MinMaxScaler and becomes 

the predicted crop yield for the testing dataset. 

The model enables a precise and 

comprehensive examination of the complex relationship 

between crop production and climate change by 

integrating deep learning methodologies, including 

LSTM and Transformer Encoders. The predictions 

generated by the model offer significant insights into how 

the increased temperatures and decreased precipitation 

impacts on the crop yield, underscoring the importance 

of addressing regional variations in crop responses to 

shifting climatic conditions. The research findings 

Figure 10. Lasso Regression: Predicted crop yield vs. Actual crop yield 

Figure 11. Elastic Net: Predicted crop yield vs. Actual crop yield 
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highlight the importance of tailoring adaptive strategies 

to local conditions to allay the adverse effects of climate 

change on agricultural production. This novel approach 

allows for the development of proactive measures to 

safeguard global food security in the times of changing 

climatic conditions. The experimental results of 

CLSTMT, Support Vector Regression [42], 

SGDRegressor [43], Ridge Regression [42], Lasso 

Regression [42] and Elastic Net [42] are presented in 

Figure 6 to Figure 11. 

It creates a clear and informative scatter plot to 

visualize the performance of a model's predictions in 

comparison to the actual crop production values. The 

correlation in Figure 6 shows the predicted value of crop 

yield using CLSTMT model is closer to the actual crop 

yield. It provides much accurate results than other 

models. Figure 7 shows the comparison of predicted 

crop yield of SVR is little closer to actual crop. Figure 8 

represents the comparison of predicted crop yield of 

SGDRegressor is little less close to actual crop. Figure 

9 shows the comparison of predicted crop yield of 

RidgeRegression is has some deviation to actual crop. 

Figure 10 demonstrates the comparison of 

predicted crop yield of Lasso Regression much deviates 

from actual crop compared. Figure 11 shows the 

comparison of predicted crop yield of ElasticNet more 

deviates from actual crop compared. 

  

5. Discussion 

The correlation of actual and predicted crop 

yield of CLSTMT, Support Vector Regression [42], 

SGDRegressor [43], Ridge Regression [42], Lasso 

Regression [42] and Elastic Net [42] are compared using 

scatter plot and shown in Figure 12. It demonstrates that 

the CLSTMT predicted crop has high correlation with 

actual crop yield compared to others. The predicted crop 

yield produced by all the methodologies are compared 

against the actual crop yield in Figure 13. It shows the 

crop yield predicted by the CLSTMT (Yellow) is closer to 

the actual crop yield (Blue) compared to others. Figure 

14 shows the comparison of the actual crop yield and 

predicted crop yield of first 100 samples for the clear 

understanding of the CLSTMT performance. In this, the 

CLSTMT graph is closest to actual crop yield graph in 

almost all data points compared to support vector 

regression, SGDRegressor, RidgeRegression, lasso 

regression and ElasticNet. The comparison of model 

performance is given in Table 2. The crop yield 

prediction performance is measured using MAPE and 

R2. It shows the crop yield prediction performance of 

CLSTMT model is high. Followed by support vector 

regression, SGDRegressor, Ridge Regression and 

Lasso Regression. Finally the Elastic Net provides the 

least performance. The SGDRegressor, Ridge 

Regression and Lasso Regression provide the similar 

prediction performance. 

 Figure 12. Scatter plot of actual and predicted crop yield 
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As a result the deep learning based CLSTMT 

outperformed other competing regression methods by 

producing a least MAPE of 0.195 and high R-squared of 

0.951. It shows the CLSTMT model outperforms other 

models in predicting crop yields using climatic data. The 

CLSTMT model proves its superior performance with R2 

of 0.951, indicating that it has the capability of 

approximately 95.1% of the variability in crop yields. This 

highlights its remarkable ability to capture complex 

internal patterns and connections in the dataset. 

Additionally, the model demonstrates a high level of 

accuracy with a MAPE value of 0.195 indicating a 

minimal average percentage deviation of 0.195% 

between observed and predicted yields.  

Figure 13. Comparison of actual and predicted crop yield 

Figure 14. Comparison of actual and predicted crop yield for first 100 samples 
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Table 2. Comparison of Model Performance 

Methodology R2 MAPE 

CLSTMT 0.951 0.195 

Support Vector Regression  0.788 0.253 

SGD Regression 0.745 0.923 

Ridge Regression 0.745 0.923 

Lasso Regression 0.745 0.923 

Elastic Net 0.668 1.044 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The R2 of Support Vector Regression, 

SGDRegressor, Ridge Regression, Lasso Regression 

and Elastic Net are 0.788, 0.745, 0.745, 0.745 and 0.668 

respectively. The MAPE of Support Vector Regression, 

SGDRegressor, Ridge Regression, Lasso Regression 

and Elastic Net are 0.253, 0.923, 0.923, 0.923, 1.044 

respectively. The CLSTMT model consistently 

outperforms other regression models in crop yield 

prediction under changing climatic conditions, 

establishing its superiority in terms of robustness and 

effectiveness. 

The integration of clustering, LSTM and 

Transformer enables it to effectively comprehend the 

complex internal relationship between crop productivity 

and climate variables. This capability facilitates proactive 

measures and ensures food security in climate change. 

The performance of each model is compared in terms of 

R2 and MAPE and it is shown graphically in Figure 15. 

 

6. Conclusion 

The application of predictive modeling 

techniques plays a pivotal role in assessing the 

detrimental impact of the climate change on crop yields, 

thereby addressing the agricultural issues on a global 

scale and safeguarding food security. The present study 

introduces an innovative methodology that integrates 

conventional regression models with sophisticated deep 

learning techniques, specifically LSTM and Transformer, 

for the purpose of predicting crop yields based on 

historical climate data. The proposed model effectively 

captures climate-induced patterns by integrating 

Transformer with LSTM layers and FNN components, 

Figure 15. Comparison of actual and predicted crop yield for first 100 samples 

(a) 

(b) 
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resulting in accurate and comprehensive predictions of 

crop yield. The comparative analysis demonstrates the 

superiority of the presented CLSTMT model over other 

regression models. These insights can be utilized by 

policymakers and farmers to develop tailored adaptive 

strategies, thereby addressing regional disparities in 

crop responses to climate change and ensuring the 

protection of global food security.  

With the proactive implementation of these 

strategies, it is possible to guarantee a future that is both 

sustainable and food-secure for all individuals. In this 

research, the dataset utilized is limited to a certain 

number of features. Future research endeavors could 

potentially delve into the integration of more features and 

the examination of regional disparities, thereby 

augmenting the model's accuracy and accommodating 

the dynamic nature of climate conditions. Numerous 

prospects for future research and enhancement exist 

within this domain. Consideration of more contemporary 

data will help to capture the most up-to-date patterns in 

climate change and its ramifications on crop yields. 

Performing a more detailed examination at the regional 

or local scale has the potential to yield more profound 

understandings regarding the distinct difficulties 

encountered by various geographical regions. 

Subsequent investigations may delve into strategies for 

integrating these uncertainties into the prediction 

models, thereby enhancing the resilience and 

dependability of crop yield projections across various 

climate scenarios. 
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