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Abstract
Climate change represents a serious challenge to agricultural systems around 
the world, as increasing temperatures and changing rainfall patterns impact 
crop yields, water supply, and ecosystems. Accurate forecasts of future 
daily maximum temperatures (Tmax) are vital for evaluating how vulnerable 
agricultural systems are to climate change. Rising Tmax can result in heat 
stress for crops, heightened water use in crops, diminished yields, and 
alterations in crop developmental timelines. Grasping the projected Tmax 
is crucial for recognizing potential threats to crop production, maintaining 
food security, and developing sound agricultural policies. To analyze 
upcoming climate changes, Global Circulation Models (GCMs) are beneficial. 
Nonetheless, GCMs reveal broad climate trends but do not capture local 
variations in Tmax that influence agriculture. For example, in Aurangabad, local 
Tmax variations have a substantial effect on crop development, water needs, 
and harvest yields. To address this issue, downscaling methods are useful. 
These methods transform broad-scale data into more precise, local Tmax 
figures. This study employs the Random Forest (RF) algorithm, an effective 
machine learning approach, to statistically downscale Tmax projections for 
Aurangabad, India, utilizing the CMIP5 (Coupled Model Intercomparison 
Project Phase 5) CanESM2 (Canadian Earth System Model, Version 2) 
GCM, which is a Canadian climate model that furnishes global climatic data 
for future projections. The Random Forest algorithm functions by identifying 
patterns from historical data, allowing it to make future predictions, which 
makes it well-suited for intricate, non-linear relationships within climate 
information. The CanESM2 model was selected for its expansive coverage 
and its demonstrated capability to yield precise regional climate forecasts, 
making it well-suited for this research. The CanESM2 model generates 
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future climatic information on a global scale. By combining observed Tmax 
data with pertinent large-scale climate variables from the CMIP5 CanESM2 
model, the Random Forest model was created and validated. Following 
successful calibration and validation of the model, it was applied to downscale 
future Tmax scenarios under three Representative Concentration Pathways 
(RCPs): RCP 2.6, RCP 4.5, and RCP 8.5 for three future time frames the 
2020s, 2050s, and 2080s. The findings reveal a considerable warming trend 
in Tmax across all scenarios, with the most notable warming expected under 
the RCP 8.5 scenario compared to the baseline period of 1961-2005. These 
results underscore the need for adapting agricultural practices to future climatic 
conditions, assisting local farmers and policymakers in preparing for the rising 
challenges presented by climate change. These results offer essential insights 
for agricultural stakeholders in Aurangabad to evaluate the potential effects of 
climate change on crop production, devise strategies to mitigate heat stress, 
and adopt climate-smart agricultural practices to bolster resilience and assure 
food security in the region.

Introduction
Climate change research is essential for understanding 
how global shifts in temperature, precipitation,  
and extreme weather events affect ecosystems, 
human health, agriculture, and infrastructure.1–3 
These studies are vital for developing effective 
strategies to mitigate and adapt to these impacts. 
Global Circulation Models (GCMs) are complex 
computer-based models that simulate Earth's 
climate system by representing interactions between 
the atmosphere, oceans, land surface, and ice. 
These models use mathematical equations to predict  
climate variables, such as temperature and 
precipitation, under different greenhouse gas 
scenarios. While GCMs are highly effective in 
modeling large-scale climate patterns, they struggle 
to capture fine-scale climatic variations at regional 
and local levels, limiting their direct application to 
impact assessments. General Circulation Models 
(GCMs), despite their significant contributions 
to our understanding of global climate patterns, 
exhibit limitations in capturing fine-scale climatic 
variations at the regional level. This inherent 
limitation hinders their direct application to local-
scale impact assessments. To make GCM data 
useful for specific regions, downscaling techniques 
are used. Downscaling converts large-scale climate 
data from GCMs into more detailed, local-level 
predictions. This is important for understanding 
temperature changes that impact agriculture, 
water resources, and ecosystems. Downscaling 
techniques offer a valuable approach to bridge the 

gap by translating coarse-resolution GCM outputs 
into higher-resolution climate information relevant for 
specific regions.4–7 Two primary methodologies are 
employed for downscaling: statistical downscaling 
and dynamical downscaling.8–10

 
Statistical Downscaling
Statistical downscaling methods aim to establish 
a robust statistical relationship between large-
scale atmospheric variables, derived from GCM 
outputs, and local-scale daily maximum temperature 
(Tmax) observations. This method uses historical 
climate data to predict future climate conditions 
at the local level, making it highly efficient and 
less computationally demanding. By using this 
relationship, we can project more accurate, region-
specific Tmax values. The specific mathematical 
formulation of this relationship can vary across 
different studies, as exemplified by Equation 1.11,12

 	 ...(1)

where, Υ0 and Υj = Intercept between predictor 
and predictand,  Xij= Predictor values for selected 
predictors and ei= Bias correction value.

Dynamic Downscaling
In contrast to dynamic downscaling, which utilizes  
computationally intensive Regional Climate Models 
(RCMs) nested within Global Circulation Models 
(GCMs), statistical downscaling provides a more 
efficient and computationally less demanding 
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approach.13 While dynamic downscaling necessitates 
substantial computational resources and significant 
time investment, statistical downscaling can 
often achieve comparable results with a reduced 
computational burden.5

In this research, we utilize a specialized statistical 
downscaling technique known as the Random 
Forest (RF) algorithm. RF is an ensemble machine 
learning approach that constructs a collection of 
decision trees (specifically, 100 trees) and integrates 
their outputs to enhance prediction accuracy. This 
methodology is particularly adept at managing 
intricate climate data by examining the interactions 
among various variables and forecasting future 
results. The RF algorithm significantly boosts the 
precision of Tmax projections by assimilating insights 
from historical data and applying this understanding 
to anticipate future conditions.

This research capitalizes on the computational 
efficiency of statistical downscaling to forecast future 
daily maximum temperature (Tmax) values for the 
Aurangabad region.

Materials and Methods 
Study Area
The study area for this investigation is the Aurangabad 
region, located at 19°53′N latitude and 75°19′E 
longitude within the state of Maharashtra, India. 
This region encompasses an area of approximately 
10,100 km².

Data Collection
For the statistical downscaling analysis, observed 
daily maximum temperature (Tmax) data for the 
Aurangabad region were sourced from the Indian 
Meteorological Department (IMD) covering the 
period from 1961 to 2005. This time frame was 
selected because corresponding large-scale 
climate data from the NCEP dataset is available 
for the same years. Utilizing the same period for 
both datasets facilitates the development of an 
accurate relationship between local temperature 
and extensive climate patterns. Hence, this period 
is regarded as the baseline for conducting the 
analysis. The requisite large-scale climate variables 
for the downscaling model were obtained from the 
CMIP5 dataset accessible via the Climate Impact 
Scenarios website.

Methodology
This section details the methodological framework 
utilized in this research to downscale daily maximum 
temperature (Tmax) values for the Aurangabad region 
employing the Random Forest technique. In contrast 
to conventional statistical downscaling methods 
that frequently depend on linear assumptions, the 
Random Forest algorithm offers a more adaptable, 
data-driven approach that effectively captures 
complex, non-linear relationships between predictors 
and Tmax. This results in enhanced projection 
accuracy, thereby making them more dependable 
for climate impact assessments. The downscaling 
process based on Random Forest in this study 
encompasses the following primary steps.

Feature Ranking
Identifying Key Predictors
Before initiating the downscaling process, a crucial 
preliminary step consisted of pinpointing the 
most significant large-scale climate variables that 
influence Tmax variations. These variables are 
sourced from the CMIP5 model, which offers a range 
of potential climate predictors for future projections. 
In this analysis, a feature ranking technique utilizing 
the Random Forest algorithm within the Google 
Colab platform was implemented to evaluate the 
relative importance of each predictor. Random 
Forest determines the most impactful variables 
by assessing the extent to which each contributes 
to enhancing prediction accuracy across multiple 
decision trees. It assigns higher importance to 
variables that considerably minimize errors, ensuring 
that only the most pertinent predictors are utilized. 
This methodology aids in eliminating extraneous 
data, minimizing noise, and improving the model's 
accuracy. The results of this process identified 
the top three most influential predictors for the 
subsequent Tmax downscaling.

Data Partitioning
Training and Testing Datasets
Subsequently, the dataset from the baseline period 
of 1961-2005 was divided into training and testing 
subsets. A commonly adopted practice involves an 
80/20 split, designating 80% of the data for model 
training and the remaining 20% for comprehensive 
model evaluation. This 80/20 ratio is prevalent in 
machine learning as it offers a balanced approach 
to providing ample data for effective model learning 
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(80%) while ensuring sufficient unseen data (20%) 
for a reliable assessment of the model's predictive 
performance. The 20% testing data functions as 
an unbiased sample, facilitating the evaluation of 
the model’s generalization capabilities on new, 
unseen data. In contrast to certain prior studies that 
employed fixed validation periods, this research 
implements a randomized data split, which further 
mitigates bias and enhances the robustness and 
generalizability of the findings, confirming that the 
model is assessed on a diverse data subset.

Model Training and Evaluation
A Random Forest model, comprising 100 decision 
trees, was initialized and trained using historical 
Tmax data in conjunction with the identified key 
predictors from the training dataset. The selection 
of 100 trees is based on empirical results indicating 
that this quantity typically strikes a favorable balance 
between model accuracy and computational 
efficiency. While an increased number of trees can 
enhance model performance, 100 trees are generally 
adequate to capture intricate patterns within the 
data. Upon completion of the training phase, the 
model’s predictive performance underwent rigorous 
evaluation by contrasting the predicted Tmax values 
with the corresponding observed values in both 
the training and testing datasets. The Random 
Forest ensemble learning methodology, which 
aggregates multiple decision trees, diminishes the 
risk of overfitting and bolsters the robustness of the 
projections.

Assessing Model Performance
The effectiveness of the trained Random Forest 
model was meticulously evaluated through a 
combination of visual inspections utilizing scatter 
plots and quantitative assessments employing the 
coefficient of determination (R-squared). A high 
R-squared value indicates strong concordance 
between the predicted and observed Tmax values 
during the training and testing periods within the 
baseline timeframe of 1961-2005, demonstrating 
the model’s capability to accurately encapsulate the 
complex relationship between the predictors and 
Tmax variations.

Projecting Future Tmax Values
Following the attainment of a favorable coefficient 
of determination (R2) value between observed 

and predicted Tmax values during the baseline 
period (1961-2005), the trained Random Forest 
model was subsequently utilized to forecast future 
Tmax values for the Aurangabad region. This was 
achieved by applying the trained model to future 
climate projections derived from the CMIP5 model, 
incorporating the identified key predictors for 
forthcoming scenarios. Diverging from traditional 
methodologies that rely solely on historical trends, 
this study integrates machine learning-based 
statistical downscaling with CMIP5 outputs, 
presenting a more data-driven and adaptable 
approach for future climate predictions.

Results and Discussion
Results for Feature Ranking
To identify the most influential large-scale climate 
variables impacting Tmax variations, a feature ranking  
technique was employed utilizing the Random Forest 
algorithm. The results of this analysis, depicting the 
relative importance of each predictor, are presented 
in Figure 1.

Fig.1: Feature Ranking Results
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In the feature ranking process, 25 large-scale climate 
variables provided by the GCM were considered 
and labeled as P1, P2, P3, P25 for easy reference. 
These predictors represent different atmospheric 
and surface conditions that can influence Tmax 
variations. Using the Random Forest-based feature 
ranking method, each predictor was assigned an 
importance score based on how much it improved 
the model’s accuracy. The higher the score, the 
more relevant the predictor for downscaling Tmax. 
Based on the feature ranking results, the following 
three large-scale climate variables were selected as 
the most influential predictors for downscaling Tmax: 

P25 (Temperature at the ground level), P23 (1000 
hPa specific humidity), and P24 (Specific Humidity 
at the ground level).

Results for Comparison between Predicted and 
Actual Tmax
The relationship between the predicted and 
observed Tmax values was rigorously evaluated 
for both the training and testing datasets. This 
evaluation encompassed visual inspection using 
scatter plots and quantitative assessment using the 
coefficient of determination (R-squared).

The scatter plot in Figure 2 for the training dataset 
illustrates a strong positive correlation between the 
predicted and observed daily maximum temperature 

(Tmax) values. Figure 4 presents the scatter plot 
depicting the relationship between predicted Tmax 
and actual Tmax for the independent testing dataset.

Fig. 2: Scatter Plot between Predicted Tmax and Actual Tmax for Training Data

Fig. 3: Scatter Plot between Predicted Tmax and Actual Tmax for Testing Data
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The scatter plot in Figure 3 for the testing dataset 
also demonstrates a strong agreement between 
the predicted and observed Tmax values. The data 
points exhibit a close proximity to the diagonal line, 
indicating that the model's predictions are consistent 

with the unseen testing data. To quantitatively assess 
this agreement, the coefficient of determination 
(R-squared) was calculated for both the training 
and testing datasets. The R-squared values are 
summarized in Table 1.

Table 1 : Coefficients of Determination between Predicted and Actual Tmax 
for Training and Testing Dataset

Sr. No.	 Dataset	 R2

1	 Between Predicted Tmax and Actual Tmax for Training Dataset	 0.981
2	 Between Predicted Tmax and Actual Tmax for Test Dataset	 0.866

Table 1 provides the R-squared values for the 
training and testing datasets, illustrating a strong 
correlation between the predicted and observed 
daily maximum temperatures (Tmax). This indicates 
that the three identified predictors (P25, P23, and 
P24) successfully encapsulated the primary factors 
influencing Tmax variability in the Aurangabad 
region. Consequently, the Random Forest model, 
trained with these significant predictors, was 
employed to project future Tmax values for the 
region.

Projected Tmax Changes Through Downscaling
The anticipated temperature variations were 
analyzed under three specific Representative 
Concentration Pathway (RCP) scenarios: RCP 2.6, 
RCP 4.5, and RCP 8.5, which represent differing  
levels of projected future greenhouse gas concen-
trations. The evaluation was conducted utilizing two 
distinct temporal frameworks.

Long-Term Projections
This analysis concentrated on anticipated Tmax 
changes over three forthcoming decades: the 2020s 
(2011-2040), the 2050s (2041-2070), and the 2080s 
(2071-2099). Short-Term Intervals: This method 
offered a more detailed examination by considering 
Tmax projections for ten separate 10-year intervals, 
ranging from 2006-2015 to 2096-2099.

Projected Outcomes across Three Future 
Decades
The anticipated shifts in monthly average daily Tmax 
values for the upcoming decades (2020s, 2050s, 
and 2080s) were compared with the baseline period. 
This evaluation was performed for all three RCP 
scenarios (RCP 2.6, RCP 4.5, and RCP 8.5), and 
the findings are summarized in Table 2.

Table 2: Increase in Tmax under Different RCPs for Three Future Series With 
Respect to the Baseline Period

Model	 RCP	 Future Series	 Increasing Tmax in 0C with 
			   respect to baseline period

CMIP5	 RCP 2.6	 2011-2040	 0.51
(CanESM2)		  2041-2070	 0.96
		  2071-2099	 0.87
	 RCP 4.5	 2011-2040	 0.7
		  2041-2070	 1.07
		  2071-2099	 1.44
	 RCP 8.5	 2011-2040	 0.56
		  2041-2070	 1.57
		  2071-2099	  2.46
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The projected changes in monthly average daily 
Tmax values across the three future decades 
(2020s, 2050s, and 2080s) were compared to the 
baseline period, revealing varying trends under the 
different RCP scenarios.

RCP 2.6: Under this scenario, Tmax is expected 
to experience a rise, reaching an increase of up to 
0.87°C by the end of the 21st century (2099).

RCP 4.5: A more noticeable rise in Tmax is 
anticipated for RCP 4.5, with projections indicating 
an increase of as much as 1.44°C by 2099.

RCP 8.5: The most significant warming is projected 
under RCP 8.5, where Tmax could increase by up 
to 2.46°C by the year 2099.

Results for Short-Term Periods
The downscaled Tmax values were analyzed over 
10-year intervals, spanning from 2006-2015 to 2096-
2099. These shorter time spans offer a finer level 
of detail in understanding projected Tmax changes. 
The outcomes are presented in graphical form for 
each Representative Concentration Pathway (RCP) 
scenario: RCP 2.6, RCP 4.5, and RCP 8.5 (Figures 
5, 6, and 7). To evaluate the trends, the increases in 
monthly average daily Tmax values for each 10-year 
period were compared to the baseline period. These 
comparisons are illustrated in the figures.

increase appears to decelerate toward the end of the 
21st century (2099), with projected rises reaching 
up to 1°C.

Fig. 4: Increasing Tmax under RCP 2.6 for 
Different Short Year Spans

Figure 4 illustrates a rise in monthly average daily 
Tmax values across each 10-year period when 
compared to the baseline period. This upward trend 
indicates a warming climate over the upcoming 
decades under RCP 2.6. However, the pace of this 

Fig. 5: Increasing Tmax under RCP 4.5 for 
Different Short Year Spans

Figure 5 displays a more significant upward trend 
in monthly average daily Tmax values across each 
10-year period compared to the baseline period. This 
trend remains consistent throughout the analyzed 
timeframe, with an acceleration observed toward the 
end of the 21st century (2099). Projections suggest 
increases of up to 1.46°C under RCP 4.5.

Fig. 6: Increasing Tmax under RCP 8.5 
for Different Short Year Spans

Figure 6 highlights a continuous increase in monthly 
average daily Tmax values across each 10-year 
period, showing a significant rise that persists well 
into the year 2099, reaching up to 2.75°C. The 
figure clearly depicts an ongoing upward trend in 
monthly average daily Tmax values when compared 
to the baseline, indicating a substantial and steady 
warming throughout the examined period under 
RCP 8.5. By the end of the 21st century (2099), 
projections show the most pronounced rise among 
all RCP scenarios, peaking at 2.75°C.
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After analysis of Tmax results under each RCP 
we have found, the increasing trend aligns with 
the IPCC-projected patterns under RCP 2.6, 4.5, 
and 8.5 scenarios, where higher RCPs correspond 
to a steeper rise in temperature, confirming the 
anticipated climate warming trends.

Recognizing the Anticipated Increases in Tmax 
is Essential for Various Reasons
Impact on Water Demand
As Tmax escalates, the rate of evaporation from 
soil and water bodies correspondingly rises. This 
entails heightened water consumption for irrigation, 
as crops will necessitate increased water to mitigate 
the effects of elevated evaporation. Effectively 
addressing this growing demand will be critical for 
maintaining agricultural productivity and ensuring 
the sustainability of water resources.

Water Quality Implications
Elevated Tmax can significantly influence water quality. 
Warmer temperatures may foster the proliferation 
of algae and other microorganisms in aquatic  
environments, potentially leading to harmful algal 
blooms. These occurrences can diminish water 
quality, necessitating enhanced treatment measures 
to guarantee the safety of water for consumption and 
various applications.

Strategic Planning and Adaptation
Accurate forecasts of Tmax are vital for effective 
water resource management and strategic planning. 
By comprehending the expected changes in Tmax, 
water managers can more accurately project 
future water demands and assess potential supply 
impacts. This understanding aids in the formulation 
of strategies to adapt to evolving climate conditions 
and optimize water resource management.

Groundwater Recharge Effects
Rising Tmax can adversely affect groundwater 
recharge rates. Elevated temperatures result in 
intensified evapotranspiration, leading to a decrease 
in the volume of water that penetrates the soil and 
replenishes groundwater reserves. This reduction in 
groundwater replenishment could exert considerable 
pressure on water resources, essential for both 
drinking and agricultural purposes.

Conclusion
In this study, the Random Forest technique was 
effectively applied for statistical downscaling, 
showcasing its ability to enhance temperature 
predictions at more localized levels. Known for 
its robustness and adaptability, this method was 
evaluated by comparing predicted Tmax values 
with actual data from both training and testing 
datasets. The strong correlation between predicted 
and observed values highlights the Random Forest 
method’s potential for downscaling climatic variables 
across different General Circulation Models (GCMs). 
The analysis confirms that Tmax values show 
a consistent rising trend across different future 
scenarios, aligning with global climate change 
projections. These results validate the trend 
detection analysis outlined by the IPCC, as the 
predicted Tmax values under RCP 2.6, 4.5, and 8.5 
scenarios exhibit a continuous increase in alignment 
with the expected climate warming patterns. This 
highlights the significance of employing machine 
learning-based statistical downscaling for more 
reliable climate assessments. The study’s findings 
contribute to better climate adaptation planning, 
offering valuable insights for agriculture, water 
resource management, and environmental policies.
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