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 Motivated by the critical need to enhance potato production in Bangladesh, 

particularly in the face of a changing climate, this study investigates the 

significant impact of weather on potato yield. This research employs various 

statistical and machine-learning approaches to identify key weather factors 

influencing potato crops. We utilize ANOVA F regression and random 

forest (RF) with feature importance analysis to pinpoint crucial monthly 

weather variables. Additionally, a correlation study employing Pearson's and 

Spearman's coefficients alongside p-values is conducted to determine the 

relationships between weather conditions and crop yield. Seaborn's bivariate 

kernel density estimation is then used to visualize ideal weather conditions 

for optimal harvests. Furthermore, to predict future yields, the study 

implements thoroughly trained and validated machine learning models 

including k-nearest neighbors (KNN), RF, and support vector regressor 

(SVR). Our analysis reveals that the RF model emerges as the most reliable 

predictor, achieving a high correlation coefficient (R²=0.9990), and minimal 

error values (mean absolute percentage error (MAPE)=0.70, mean absolute 

error (MAE)=0.0803, and root mean square error (RMSE)=0.1114). These 

findings provide valuable insights to guide informed agricultural decisions 

and climate-related strategies, particularly for resource-limited countries like 

Bangladesh. 
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1. INTRODUCTION 

Unpredictable weather patterns and resource limitations in Bangladesh pose a significant barrier to 

the continuous and sustainable production of potatoes, a vital commodity for millions of people worldwide 

[1]. Securing food supply for the growing nation's population depends on overcoming these issues. 

Researchers must focus on the sustainable growth of potato farming and the creation of new technologies to 

increase yields due to a growing population and limited arable land [2]. Strategic planning and technical 

innovation are crucial to ensure sustainable food security and to improve agricultural production in the long 

term. Despite recent developments, accurately predicting potato production early in the growth phase is still 

essential. This knowledge enables farmers to make informed decisions about resource distribution, use 

proactive management techniques, reduce possible production losses, and improve food security [3]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Ongoing studies have investigated different techniques to forecast potato crop output. However, these 

endeavors often face constraints [4], [5]. 

Improvements in potato yield forecasting are hindered by issues related to the precision and scope of 

the data. Contemporary studies frequently use past data to train machine learning algorithms, but encounter 

challenges due to the need for more data, limited coverage, and variations in data sources [6]–[8]. This study 

suggests improving the accuracy of the prediction in Bangladesh by collecting comprehensive information 

from reliable sources such as the Bangladesh Bureau of Statistics (BBS) and the Bangladesh Meteorological 

Department (BMD). Integrating various data collection methods and employing thorough cleaning 

established a cohesive dataset for more precise forecasts specific to Bangladesh. 

Potato cultivation in Bangladesh is more difficult due to erratic weather patterns [9]. The prediction 

of potato yield traditionally occurs late in the growing season, which hinders farmers' ability to make quick 

decisions regarding resource allocation and mitigating techniques. Early yield prediction is vital to tackle 

these difficulties by providing information on elements that may contribute to crop performance. Afterward, 

farmers can take proactive steps, such as modifying irrigation techniques or using pest control strategies, to 

improve resource distribution and reduce adverse effects. Early projections provide for better risk 

management and agricultural planning, including harvest planning and market negotiation [10]. Although 

early prediction is crucial, several research studies concentrate on estimating production shortly before 

harvest, providing little time to implement remedial actions. This impedes critical decision-making and limits 

the potential effect of improving yield [11], [12]. Our study suggests a new method that combines 

sophisticated data collection techniques, machine learning models designed for early prediction, and feature 

relevance analysis to overcome these restrictions. 

Climate, especially precipitation and temperature, significantly impacts potato production [13]. 

Studies show that excessive rainfall or high temperatures could reduce agricultural yields [14], [15]. The 

complex connection between weather conditions and crops highlights the challenges that climate change 

poses to food security. Although predictive models have advanced, it is still essential to understand the 

meteorological conditions vital for crop productivity. Many studies use historical data and machine learning 

for crop prediction but often need more specificity in pinpointing crucial weather variables [16], [17]. This 

study aims to fill this gap using feature significance analysis to pinpoint significant monthly weather 

elements. We want to use machine learning and historical data to reveal how weather affects potato yield. 

This will help stakeholders by providing specific monitoring and data-driven methods to improve prediction 

accuracy and agricultural decision-making. 

It is essential to understand the complex connections between meteorological factors and potato 

production to guide agricultural methods, especially in regions such as Bangladesh, where erratic weather 

conditions have a notable impact on agricultural results. Recent studies have investigated several approaches 

to evaluate this connection, encountering constraints such as restricted scope, regional disparities, and the 

absence of temporal detail [18], [19]. This study uses correlation analysis to investigate the links between 

meteorological variables and potato yield in Bangladesh to improve agricultural practices and improve 

predictive models for better food security. 

Developing accurate and timely forecasts of potato production is crucial to making informed 

decisions about resource distribution, using proactive management tactics, and reducing possible yield 

reductions [20]. Recent developments in machine learning provide opportunities for accurate crop yield 

forecasting, despite constraints in current initiatives. The issues involve a propensity to concentrate on a 

restricted range of machine learning methods, insufficient evaluations of model performance, and concerns 

about applicability in various geographical contexts [21]. This study examines the effectiveness of three well-

known machine learning models, k-nearest neighbors (KNN), support vector regression (SVR), and random 

forest (RF), to overcome these constraints. The goals are to evaluate several machine learning models using a 

thorough dataset, to perform a detailed comparative study, and to ensure applicability using data from various 

geographical regions and types of potatoes. The study attempts to determine the most efficient model for 

predicting early potato yield to provide farmers with precise forecasting tools.  

Recent studies have investigated many approaches to improve potato yield [22], [23]. However, 

there is a significant requirement for specific guidance designed for farmers in Bangladesh. Current studies 

on enhancing potato yield need to pay more attention to the difficulties of Bangladeshi farmers. They 

typically suggest general solutions that can be applied in many areas or provide technically sound but 

unfeasible suggestions due to limited resources [24]. Furthermore, there is frequently a restricted emphasis on 

the actual execution facets of suggested solutions [25]. The study intends to close the gap between research 

and practical implementation by offering context-specific solutions, emphasizing concrete tactics, and 

bridging the knowledge-practice gap. We aim to provide farmers with practical knowledge to reduce the 

impact of unfavorable weather, improve farming techniques, and sustainably increase potato yield by 

translating the study findings into clear and straightforward advice. 
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Predictive models have potential, but each crop thrives under certain weather conditions [26]. 

Accurate yield projections require suitable climate conditions and a deep understanding of how weather 

factors impact growth phases [27]. The specific influence of climate on potato yield in Bangladesh remains 

uninvestigated despite the acknowledged influence of climate on crop production. This study aims to identify 

the critical weather variables that influence potato cultivation in this region. We use several methods to 

achieve this goal, including empirical studies, sophisticated data processing, and machine learning. This 

study investigates the significant impact of meteorological conditions on potato yield to improve production 

in Bangladesh. The study uses ANOVA F regression and RF with the importance of features to determine 

important monthly weather components. A correlation analysis employing Pearson's and Spearman's 

coefficients and p-values establishes the relationships between weather conditions and crop yield. Seaborn's 

bivariate kernel density estimation determines the optimal weather conditions for achieving the highest 

harvest yields. Well-trained and validated machine learning models such as KNN, RF, and SVR are used to 

predict future yields. The RF model is highly reliable, with a strong correlation coefficient of 0.9990 and low 

error values: mean absolute percentage error (MAPE) of 0.70%, mean absolute error (MAE) of 0.0803, and 

root mean square error (RMSE) of 0.1014. 

This study offers six key contributions: first, early yield prediction: predicts potato yield early in the 

cultivation phase, providing valuable information on crop success factors. Second, comprehensive data 

collection: uses reliable data from various Bangladesh organizations, enhancing the robustness of research. 

Third, analysis of the importance of features: identifies key monthly weather factors impacting yield, aiding 

in data improvement and modification. Fourth, correlation analysis: confirms the relationships between the 

weather variables (rainfall, temperature) and yield, deepening the understanding of potato farming in 

Bangladesh. Fifth, selection of machine learning models: RF is identified as the most effective model for 

early yield prediction after empirical investigation, and sixth practical recommendations: offers actionable 

advice to Bangladeshi farmers, including strategies for managing heavy rainfall, adapting to temperature 

variations, and utilizing precision agriculture technologies. 

The article is organized as follows. Section 2 describes the models used, the technique applied, and 

the extent of data analysis. Section 3 examines the research results, highlighting the importance of 

characteristics, correlation analysis, and regression models. Section 4 concisely presents the study's findings 

and suggests areas for future research. 
 

 

2. MATERIALS AND METHODS 

2.1.  Proposed crop-weather model 

This study aims to develop a novel crop weather model that can predict early crop production by 

analyzing current weather conditions. The model will also identify the best weather conditions for 

maximizing crop yield and provide strategies to minimize the negative impact of adverse weather conditions 

and improve overall crop yield. Figure 1 shows the proposed novel crop-weather framework. 
 

 

 
 

Figure 1. Proposed crop-weather framework 
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2.2.  Dataset description 

The study obtained data from reliable institutions, such as the Bangladesh Climate Information 

Management System (CIMSB) and the BMD, to collect information on rainfall and temperature. In addition, 

agricultural production data were acquired from the BBS and the Bangladesh Agricultural Research Institute 

(BARI). The extensive data set obtained from these credible sources enabled a meticulous analysis of the 

relationship between climatic variables and agricultural production, improving the reliability of the study's 

results. Table 1 summarises monthly rainfall, temperature, and potato yield data from 2,144 observations. 

Rainfall and temperature fluctuate monthly, with rain_1m averaging 34.62 mm and temp_4m peaking at 

23.58 °C. The mean potato production is 12.04 tons per hectare, ranging from 7.83 to 19.89 tons per hectare. 

These data allow for investigating optimal growing conditions and early yield forecasts. 

 

 

Table 1. Statistical summary of the data set 
 rain_1m rain_2m rain_3m rain_4m temp_1m temp_2m temp_3m temp_4m Yield 

count 2144 2144 2144 2144 2144 2144 2144 2144 2144 

mean 34.62 9.01 7.37 19.87 23.58 19.63 18.36 20.81 12.04 

std 37.38 12.65 6.90 13.98 0.68 0.73 0.73 1.01 3.20 

min 0.00 0.00 0.00 0.00 22.02 17.95 16.55 18.50 7.83 
25% 6.46 0.51 1.10 7.13 23.12 19.07 17.84 20.04 9.65 

50% 21.44 2.95 4.84 18.72 23.60 19.66 18.33 20.73 10.98 
75% 49.711 15.73 11.91 29.67 24.09 20.23 18.91 21.47 13.70 

max 141.19 44.58 23.68 51.10 25.39 21.31 20.61 23.89 19.89 

 

 

2.3.  Feature-importance techniques 

Feature importance techniques evaluate the extent to which each variable impacts the correctness of 

a model. These methods assign numerical values to the variables, focusing on the most significant ones to 

achieve precise predictions. This aids in improving our understanding of both the data and the model. We can 

determine the most significant and least significant aspects and enhance or fine-tune the data. Understanding 

feature relevance allows us to utilize feature selection approaches to retain only the most essential variables 

in the model. This optimizes the modelling process, accelerates it, and enhances the model performance [28]. 

This study used the built-in variable importance technique of the RF regression model with the help of the  

(1) to (4), and ANOVA F regression using (5) to determine the impacts of the monthly average rainfall and 

temperature predictors on the forecast of potato yield. 

 

𝑛𝑖𝑗 =  𝑤𝑗𝐶𝑗 − 𝑤𝑙𝑒𝑓𝑡(𝑗)𝐶𝑙𝑒𝑓𝑡(𝑗) − 𝑤𝑟𝑖𝑔ℎ𝑡(𝑗)𝐶𝑟𝑖𝑔ℎ𝑡(𝑗) (1) 

 

𝑓𝑖 =  
∑ 𝑗:𝑛𝑜𝑑𝑒 𝑗 𝑠𝑝𝑙𝑖𝑡𝑠 𝑜𝑛 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑖.𝑛𝑖𝑗

∑ 𝑘∈𝑎𝑙𝑙 𝑛𝑜𝑑𝑒𝑠.𝑛𝑖𝑘
 (2) 

 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑓𝑖 =  
𝑓𝑗

∑ 𝑗∈𝑎𝑙𝑙 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠.𝑓𝑗 
 (3) 

 

𝑅𝐹 𝑓𝑖 =  
∑ 𝑗∈𝑎𝑙𝑙 𝑡𝑟𝑒𝑒𝑠.𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑓𝑖𝑗

𝑇
 (4) 

 

𝐴𝑁𝑂𝑉𝐴 𝐹 =  
(𝑅𝑟− 𝑅𝑓) (𝑝−𝑘)⁄

𝑅𝑓 (𝑛−𝑝−1)⁄
 (5) 

 

2.4.  Correlation between weather variables and crop yield 

The study aimed to measure the connection between potato production and individual 

meteorological variables to determine their influence and to determine whether this impact is positive or 

negative. To satisfy this objective, this work employed Pearson's correlation using (6) to analyze linear 

relationships and Spearman's correlation with (7) to investigate non-linear relationships between 

meteorological factors and potato yield [29]. The statistical significance of these correlations was determined 

by calculating the p-values using (8). 

 

Pearson Correlation Coefficients (𝑟) =  
∑(𝑥𝑖−𝑥̅)(𝑦𝑖−𝑦̅)

√∑(𝑥𝑖−𝑥̅)2 ∑(𝑦𝑖−𝑦̅)2
 (6) 

 

𝑆𝑝𝑒𝑎𝑟𝑚𝑎𝑛 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 (𝑅𝑠) = 1 − 
6 ∑ 𝑑𝑖

2𝑛
𝑖=1

𝑛(𝑛2−1)
 (7) 
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𝑡 =  
𝑟√𝑛−2

√1−𝑟2
  (8) 

 

2.5.  Machine learning models 

Several research studies have consistently demonstrated the critical importance of machine learning 

as a tool to aid decision-making and predict agricultural productivity. Machine learning, an advanced 

technological tool, can help farmers reduce agricultural losses by offering precise crop recommendations and 

crucial insights [30]. This study focuses mainly on three machine learning models: RF, SVR, and KNN. The 

selection of these techniques is determined by the numerical nature of the forecast rather than its category 

aspect and the size of the data set. 

 

 

3. RESULTS AND ANALYSIS 

This section introduces a series of experimental results, starting with the analysis of the importance 

of characteristics to discover and study the essential aspects that affect potato yield. The study investigates 

linear and nonlinear connections and the statistical significance (p-value) between rainfall, temperature, and 

potato yield. It also examines the identification and evaluation of the optimal weather conditions necessary to 

achieve the highest potato output. Moreover, the section optimizes, trains, and verifies three prominent 

machine learning models, KNN, SVR, and RF, to predict early potato yield using weather parameters. The 

section closes with an offer for the most effective machine learning model for reliably predicting potato yield 

after a comprehensive study and comparison. 

 

3.1.  Importance analysis of characteristics 

We evaluated the influence of changing rainfall and temperature on potato yields in Bangladesh 

during the October-January growing season by combining the importance of RF features and ANOVA 

approaches. Figures 2 and 3 provide a visual representation of the influence of monthly rainfall and monthly 

temperature, respectively, on the potato yield, elucidating the nuanced dynamics associated with each 

cultivation month. Figure 2 shows that December rainfall (rain_3m) in Bangladesh significantly impacts 

potato yields (score: 0.34). December marks a critical growth stage for tubers, which requires consistent 

moisture for optimal development. Lower temperatures in this month improve water retention, making tuber 

absorption more efficient. In contrast, rainfall in November (rain_3m) is less critical, with a score of 0.24, as 

attention turns to root and leaf growth, making the crop less responsive to changes in moisture levels. This 

knowledge guides customized water resource management practices in agriculture to maximize crop yields. 

Meanwhile, Figure 3 illustrates the essential elements of the potato production schedule related to 

temperature changes. October and January focus on root development and harvesting, while November is 

vital for tuber formation. December's (temp_3m) temperature has the highest impact (score: 0.33) on tuber 

growth and maturity, ultimately determining yield. Using adaptive management strategies to address 

changing temperature needs in potato farming is crucial to achieving the best possible production results. 
 

3.2.  Correlation between weather variables and potato yield 

The effect of monthly rainfall on potato yield from October to January was analyzed using Pearson 

(linear) and Spearman (nonlinear) correlation coefficients, as shown in Table 2. The p-values assess the 

statistical significance of these connections. Table 2 shows the correlation between rainfall and potato yield 

from October (rain_1m) to January (rain_4m), showing persistent patterns. Higher rainfall negatively 

correlates with potato production, particularly in the first month (rain_1m), leading to a significant decline in 

yield caused by heavy rainfall in October. The third month (rain_3m) exhibits a less pronounced negative 

association, indicating a reduced impact of December (rain_3m) rainfall on yield. The statistical significance 

of all p-values, approaching 0, emphasizes the dependability of these results. The results highlight the need to 

control rainfall during the growing season, especially in October, a crucial early stage. Farmers can use this 

information to adjust their methods and improve potato yield in response to changing weather patterns. 

Consistent monitoring is essential for the successful implementation of the strategy in Bangladesh's 

monsoonal environment, particularly during the first month. 

The relationship between monthly temperature and potato yield (October-January) was also 

analyzed using Pearson (linear) and Spearman (nonlinear) correlation coefficients in Table 3. The p-values 

determine the statistical significance of these connections. The correlation between temperature and potato 

yield fluctuates for four months. November (temp_2m) shows a robust positive association that is statistically 

significant. October (temp_1m) and January (temp_4m) exhibit a weak positive association that is 

statistically significant. In December (temp_3m), there is a statistically significant weak negative association. 

In summary, higher temperatures in November (temp_2m) are ideal to maximize potato production. 
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Figure 2. Impact of monthly rainfall on potato yield 

 

 

 
 

Figure 3. Impact of monthly temperature on potato yield 
 

 

Table 2. Correlations and their statistical significance between monthly rainfall and potato yield 
Months Rainfall (mm) Pearson correlation p-value Spearman correlation 

rain_1m 34.62 -0.179 6.86E-17 -0.1715 
rain_2m 9.01 -0.1597 1.02E-13 -0.0954 

rain_3m 7.37 -0.0675 1.78E-03 -0.0047 

rain_4m 19.87 -0.1634 2.67E-14 -0.1559 

 

 

Table 3. Correlations and their statistical significance between monthly temperature and potato yield 
Months Temperature (°C) Pearson correlation p-value Spearman correlation 

temp_1m 23.58 0.0594 5.95E-03 0.0705 
temp _2m 19.63 0.2391 3.02E-29 0.2032 

temp _3m 18.36 -0.0781 2.92E-04 -0.0286 
temp _4m 20.81 0.1135 1.38E-07 0.108 

 

 

3.3.  Monthly weather requirements for optimal potato yield 

Figure 4 shows the optimum monthly rainfall for potato cultivation in Bangladesh. In October 

(Figure 4(a)), rainfall should ideally be below 21 mm, while the average is 34.62 mm. In such a situation, 

farmers can consider implementing drainage improvements. In November (Figure 4(b)), 5 mm (optimal) 

rainfall is related to a yield of 10-12 tons per hectare. In December (Figure 4(c)), 1-5 mm of rainfall is 

optimum to achieve the best yield. In January (Figure 4(d)), 5-15 mm of rainfall is associated with a yield of 

12 tons per acre. This experiment indicates that farmers can effectively employ proactive strategies to 

regulate soil moisture levels to an optimal range throughout the growing season. By implementing this 

approach, they can establish optimal circumstances to grow potatoes, which can increase crop productivity. 

The optimal temperature for the cultivation of potatoes in Bangladesh in October (Figure 5(a)) is 

22.8-23.7 °C, with an average of 23.58 °C. The optimal temperature range for November (Figure 5(b)) is 

between 18.8 and 19.5 °C, with an average of 19.63 °C. The optimal temperature range for December 

(Figure 5(c)) is 17.6-18.5 °C, with an average of 18.36 °C. The optimal temperature range for January  
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(Figure 5(d)) is 20.2-21.1 °C, with an average of 20.81 °C. Bangladesh temperatures typically remain within 

ideal levels, leading to excellent crop yields. 
 

 

  
(a) 

 

(b) 

  
(c) (d) 

 

Figure 4. Correlation between rainfall and potato production: (a) first month rainfall vs. potato yield,  

(b) second month rainfall vs. potato yield, (c) third month rainfall vs. potato yield, and (d) fourth month 

rainfall vs. potato yield 
 

 

  
(a) 

 

(b) 

  
(c) (d) 

 

Figure 5. Correlation between temperature and potato production: (a) first-month temperature vs. potato 

yield, (b) second-month temperature vs. potato yield, (c) third-month temperature vs. potato yield, and  

(d) fourth-month temperature vs. potato yield 
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3.4.  Machine learning-based prediction of potato yield 

3.4.1. Model evaluation 

The efficacy of machine learning models in predicting potato yield was evaluated using four 

commonly used assessment metrics: MAE, RMSE, MAPE, and coefficient of determination (𝑅2). MAE is 

the average difference between the predicted and actual yield, with lower values indicating better 

performance. RMSE assesses the magnitude of errors, with lower values indicating better performance. 

MAPE is a percentage of the actual yield, and lower values indicate better accuracy. R² is the proportion of 

variation explained by the model, with a value of 1 indicating a perfect match. These criteria help evaluate 

the performance of the model and select the most accurate model to predict potato production. The 

mathematical formula for MAE, RMSE, MAPE, and 𝑅2 is expressed in (9) to (12) respectively. Here, 𝑦𝑎𝑐𝑡  is 

the actual crop yields; 𝑦𝑝𝑟𝑒𝑑  denotes the predicted crop yields; 𝑦𝑎𝑣𝑔 represents the mean of crop yields and N 

is the total number of observations. 

 

𝑀𝐴𝐸 =  
1

𝑁
∑ |𝑦𝑝𝑟𝑒𝑑 − 𝑦𝑎𝑐𝑡|𝑁

𝑖=1  (9) 

 

𝑅𝑀𝑆𝐸 =  √
1

𝑁
∑ (𝑦𝑝𝑟𝑒𝑑 − 𝑦𝑎𝑐𝑡)2𝑁

𝑖=1  (10) 

 

𝑀𝐴𝑃𝐸 =  
1

𝑁
∑

|𝑦𝑝𝑟𝑒𝑑−𝑦𝑎𝑐𝑡|

|𝑦𝑎𝑐𝑡|

𝑁
𝑖=1  (11) 

 

𝑅2 = 1 − 
∑(𝑦𝑝𝑟𝑒𝑑−𝑦𝑎𝑐𝑡)2

∑(𝑦𝑝𝑟𝑒𝑑−𝑦𝑎𝑣𝑔)2  (12) 

 

3.4.2. Training and validating machine learning models for prediction 

Cross-validation of K-folds is utilized to determine the optimal model setup and mitigate overfitting. 

GridsearchCV automates hyperparameter optimization for machine learning models. Training and testing 

Split the data into two sets: 80% for training and 20% for testing. 

K selection: the value of k=5 was selected to balance bias and computational expense. Optimized 

models: K-neighbors regressor with 7 neighbors, SVR with a kernel of the radial basis function, a C value of 

10.0, and an epsilon of 0.01. In addition, the RF regressor is set with a maximum depth of 10, 150 estimators, 

and a random state of 42. 

The results offer optimized models for the precise prediction of potato yield. A comparison of model 

performance during 5-fold cross-validation, focusing on various metrics, is presented in Table 4. Lower 

MAE and RMSE values indicate more accuracy, and the RF model performs exceptionally well. MAPE 

measures the percentage error, while R2 indicates the explained variance. A larger value is better for both 

metrics, and RF models are generally superior. Overall, the RF regressor model is optimal for forecasting 

potato yield due to its consistently excellent accuracy, precision, and stability. Adaptively depicts the 

intricate correlation between meteorological conditions and potato yield. 

 

 

Table 4. Model performance through 5-fold cross-validation 
Fold K-nearest neighbors  SVR RF regressor 

 MAE RMSE MAE RMSE MAE RMSE 

1 0.1282 0.3683 0.4944 1.1339 0.0848 0.1069 
2 0.1155 0.1996 0.3211 0.5396 0.0816 0.1025 

3 0.128 0.3457 0.3748 0.8793 0.0767 0.0981 

4 0.1163 0.2975 0.4207 0.9456 0.0779 0.0983 
5 0.1176 0.2556 0.3269 0.7091 0.0807 0.1011 

Mean 0.1211 0.2933 0.3876 0.8415 0.0803 0.1014 
Standard deviation 0.0057 0.061 0.0644 0.2032 0.0029 0.0032 

 

 

3.4.3. Performance comparison of the models 

Table 5 shows the performance of the models on both the training and the test data regarding MAE 

and RMSE. RF consistently performs in training and testing with the lowest MAE and RMSE. KNN exhibits 

strong training performance with low MAE but performs poorly in testing showing the sign of an overfitted 

model. SVR has lower accuracy than KNN and RF in training and testing. In summary, the RF model is 

highly reliable for forecasting potato yield due to its consistent performance in the training and testing stages. 
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Table 5. Performance of the models in data gathering 
 MAE RMSE 

 Training Testing Training Testing 

KNN 0.0663 0.1107 0.1301 0.2115 

SVR 0.1383 0.149 0.2165 0.2148 

RF 0.0699 0.0829 0.088 0.1047 

 

 

Figure 6 shows the comparative performance evaluation of three optimized machine learning 

models employed in this study, focusing on MAPE (Figure 6(a)) and 𝑅2 (Figure 6(b)). The RF model 

consistently demonstrates low MAPE and high R² values in both training and testing datasets, indicating 

good precision. KNN has good performance, but it has a more significant discrepancy between training and 

testing data, making it less resilient. SVR has a lower accuracy than KNN and RF in training and testing.  

In summary, RF is the most reliable and precise model because of its consistently superior performance in all 

metrics (MAE, RMSE, MAPE, and R²) during the training and testing stages. 

 

 

 
(a) 

 
(b) 

 

Figure 6. Performance comparison of machine learning models for (a) MAPE and (b) R2 

 

 

Table 6 compares the state-of-the-art approaches and suggested methods regarding the MAE, 

RMSE, and R2 assessment metrics. The AtLSTM model [31] shows promise with its reported RMSE of 0.41. 

However, the lack of other metrics prevents a conclusive conclusion. The hybrid random forest-

reinforcement learning (RF-RL) [32] exhibits lower MAE and RMSE, but its lower R² value of 0.87 indicates 

potential downsides due to higher complexity. Although online sequential extreme learning machines 

coupled with ant colony optimization (ACO-OSELM) [33] and data transfer rate (DTR) [34] demonstrate 

good R² values (0.990 and 0.997, respectively), their significantly larger MAE and RMSE in comparison to 

our RF model (for example, ACO-OSELM has an MAE of 42.37) indicate a possible issue of overfitting. 

Moreover, the absence of comprehensive measurements for DTR poses a barrier to conducting a thorough 

comparison. Improved cat swarm optimization based recurrent neural network (ICSO-RNN) [35] 

demonstrates a high R² value comparable to our proposed model. However, its significantly higher MAE and 

RMSE values suggest a less accurate overall fit. On the other hand, the proposed RF model exhibits 

numerous advantages. It attains the most minimal MAE and RMSE values that have been published, 

indicating a higher level of accuracy in fitting and improved aptitude for generalization. Moreover, the 

exceptionally high R² indicates a robust ability to explain the variations in potato yield. Significantly, the RF 

model attains this level of accuracy using a more straightforward methodology in contrast to approaches 

prone to overfitting. 

 

 

Table 6. Comparative analysis of state-of-the-art methods and the proposed RF method 
Authors Methods MAE RMSE 𝐑𝟐 

Liu et al. [31] AtLSTM N/A 0.41 0.810 

Elavarasan and Vincent [32] Hybrid RF-RL 0.17 0.23 0.870 

Ali et al. [33] ACO-OSELM 42.37 67.12 0.990 
Ahmed et al. [34] DTR N/A 1.03 0.997 

Reddy and Madapuri [35] ICSO-RNN 0.77 0.82 0.990 

Our proposed method RF 0.08 0.10 0.999 

 



Int J Artif Intell  ISSN: 2252-8938  

 

Optimizing potato crop productivity: a meteorological analysis and machine learning … (Md. Jiabul Hoque) 

1125 

3.4.4. Correlation between the predicted and actual potato yield 

Figure 7 shows the relationship between the projected potato yield and the actual potato yield.  

The KNN (Figure 7(a)) model is generally precise with sporadic outliers, suggesting challenges within 

certain yield intervals. SVR models (Figure 7(b)) generally provide accurate forecasts, although there is some 

variability, indicating difficulties in correctly projecting specific yields. The data points are closely grouped 

around the diagonal line in the RF model (Figure 7(c)), indicating exact and reliable yield forecasts.  

In conclusion, RF is the optimal model for forecasting potato production because it provides accurate 

predictions that closely match actual yields throughout the range. 

 

 

  
(a) (b) 

 

 
(c) 

 

Figure 7. Correlation between predicted and actual potato yield (a) KNN, (b) SVR, and (c) RF 

 

 

4. DISCUSSION 

Controllable elements such as fertilizers and crop varieties impact productivity, while uncontrolled 

factors such as weather play a significant role, but are challenging to forecast [36]. This study aims to predict 

potato productivity in Bangladesh using easily accessible monthly rainfall and temperature data. The study 

examines the impact of monthly rainfall and temperature on potato production considering the varying 

requirements of the crop at different growth stages, offering significant insight into the intricate connection 

between meteorological conditions and crop yield. 

 

4.1.  The growing stages of the potato plants and their climate requirements 

Water requirements at different growth stages have a substantial impact on potato yield. This study 

identifies the ideal rainfall and temperature levels required for each growth stage, sprout development, 

vegetative growth, tuber start, bulking, and maturity, to obtain an optimal yield of 10,000-12,000 tons per 

hectare. Figure 8 illustrates the necessary conditions for rainfall and temperature to achieve the highest 

possible potato production. Significant discoveries include: during the first month of sprout development, 

ideal conditions are 1-21 mm (Figure 8(a)) of rainfall and temperatures between 22.8-23.7 °C (Figure 8(b)). 

In the second month, which includes vegetative growth and tuber initiation, optimal parameters are 0-5 mm 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 14, No. 2, April 2025: 1116-1129 

1126 

(Figure 8(a)) rainfall and temperatures ranging from 18.8-19.5 °C (Figure 8(b)). For the third month, during 

tuber bulking, favorable conditions consist of 1-5 mm (Figure 8(a)) rainfall and temperatures between  

17.6-18.5 °C (Figure 8(b)). Finally, during the fourth month of maturity, the preferred conditions are  

5-15 mm (Figure 8(a)) of rainfall and temperatures ranging from 20.2-21.1 °C (Figure 8(b)). The results 

provide significant information on improving potato production by implementing efficient weather control 

techniques. 

 

 

 
(a) 

 

 
(b) 

 

Figure 8. Optimal climate requirement for optimal potato yield (a) rainfall and (b) temperature 

 

 

4.2.  Recommendation to farmers 

This study examined how meteorological conditions affect potato production in Bangladesh and 

provided helpful suggestions to farmers. Farmers can mitigate excessive rainfall and waterlogging by 

improving drainage systems, choosing moisture-tolerant crop varieties, implementing climate-resilient 

techniques, using weather monitoring devices, and adopting precision agriculture for water and nutrient 

control, particularly during the planting and harvest period of October to January. Continuous monitoring of 

temperature during the growing season is essential. Planting efforts should be adjusted according to optimal 

temperature conditions, especially in November (2nd month). Farmers should consider possible adverse 

impacts in December (3rd month) and use temperature-sensitive methods and robust cultivars to reduce crop 

losses. Bangladeshi farmers must adopt a comprehensive strategy that regulates temperature and rainfall, 

resilient practices and cultivars, and continuous monitoring, knowledge acquisition, and collaboration within 

the agricultural community to effectively address climate challenges, increase potato yields, and guarantee 

long-term sustainability and food security. 

 

4.3.  Prediction and the performance of models 

The study investigated the application of machine learning to estimate potato yield in Bangladesh. 

The RF model is the most effective among the three models based on all evaluation metrics (MAE, RMSE, 

MAPE, and R²). This emphasizes machine learning's potential for early yield prediction, mainly due to the 

easily accessible climatic data (precipitation and temperature) and its substantial impact on potato harvests. 
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However, restrictions on data accessibility for additional pertinent elements, such as soil moisture and solar 

radiation, impeded further enhancement. Future research will use the internet of things (IoT) to collect data 

on other characteristics. The goal is to incorporate these data into the RF model to improve the accuracy and 

completeness of potato yield forecasts in Bangladesh. This method shows potential to improve farming 

techniques and guarantee food security in the area. 

 

 

5. CONCLUSION 

This study examines the prediction of potato yield in Bangladesh, specifically focusing on monthly 

rainfall and temperature data. Anticipating crop yields in advance can help prepare for and reduce food 

scarcity. The study determines that the RF model is the most effective predictor among three machine 

learning models (KNN, RF, and SVR) when evaluated using government data. The work demonstrates the 

statistical importance of temperature and precipitation in yield using accurate data and focusing on data 

integrity. Examining the importance of features indicates that December (3rd month) rainfall has a significant 

impact, while temperature plays a subtle but important role during the growing season. Weather-yield 

correlations confirm these findings, providing practical insights presented visually for farmers. 

Recommendations include improving drainage systems, using climate-resilient techniques, and adopting 

precision agriculture methods customized to meteorological conditions. Continuous monitoring, adaptive 

strategies, and teamwork are essential to address climate concerns. The study models, especially RF, are 

promising, but future research seeks to improve forecasts by including elements such as solar radiation, wind 

speed, and soil moisture. This will require combining the RF model with the IoT technologies to enable 

ongoing data collection and precise yield forecasting. This comprehensive strategy represents the evolving 

direction of agricultural research, combining evidence-based knowledge and technological progress to 

encourage sustainable and eco-friendly farming methods. 
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