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Abstract—Accurate ambient temperature prediction is
essential for climate monitoring, urban planning, and
environmental management, particularly in regions
experiencing rapid climatic variability such as Sri Lanka. This
study investigates the application of explainable machine
learning models for short-term ambient temperature prediction
in Battaramulla, Sri Lanka. Five regression algorithms-K-
Nearest Neighbors (KNN), Decision Tree (DT), Random Forest
(RF), Support Vector Regression (SVR), and Histogram-based
Gradient Boosting Regressor (HGBR) were evaluated using 14
meteorological and environmental predictors, including
temporal variables, relative humidity, solar radiation, rainfall,
wind speed, and air pollutant concentrations (CO2, NO,, CHa,
03, CO, PM25, and PMio). Among the models tested, HGBR
demonstrated superior predictive performance, achieving R*
values of 1.00 (training) and 0.96 (testing), with corresponding
mean squared error values of 0.01 and 0.11. Model
interpretability was examined using SHapley Additive
exPlanations (SHAP), Partial Dependence Plots (PDP),
Individual Conditional Expectation (ICE) analyses, and
Accumulated Local Effects (ALE), which identified several
features as the most influential predictors. Model validation
using 192 real-time observations showed close agreement
between predicted and measured temperatures, although the
evaluation was limited to a single location and time period. A
web-based application, ‘Therma’, was developed to facilitate
practical deployment of the model for localized temperature
estimation. Overall, this study demonstrates the utility of
explainable machine learning for localized climate prediction
while highlighting the need for broader spatiotemporal
validation in future work.

Keywords—ambient temperature, explainable artificial
intelligence, Histogram-Based Gradient Boosting Regression
(HGBR), prediction

L INTRODUCTION

Global warming refers to the gradual increase in the
average surface temperature of the Earth, primarily driven by
human activities such as fossil fuel combustion,
deforestation, and industrial processes [1, 2]. This increase in
temperature is a key driver of climate change, leading to
severe consequences, including sea-level rise, more frequent
and intense weather events, and widespread ecosystem
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disruptions. McCulloch et al. [3] have shown that global
warming has exceeded 1.5 °C over the last 300 years.
Increasing global temperatures impact multiple sectors,
including environmental, agricultural, economic, health,
social, technological, and political aspects [4]. The rise in
global temperature has led to accelerated ice melting in
Greenland and Antarctica [5], which has significantly
contributed to sea-level rise, resulting in more frequent
coastal floods. In addition, higher temperatures can reduce
crop yields, alter growing seasons, and increase pest
populations, thereby affecting both major food crops (rice,
maize, wheat, etc.) and livestock through increased exposure
to insects, parasites, and disease vectors [6—8]. Furthermore,
heat can lower worker productivity, especially in outdoor
industries  like construction and agriculture [9].
Consequently, the risk of heatstroke and dehydration rises.
Beyond these impacts, warmer climates can expand the range
of vector-borne diseases like malaria and dengue fever [10].
These interconnected challenges underscore the growing
need to develop new technologies to combat and adapt to a
changing climate. This includes expanding the use of
renewable energy sources and enhancing water resource
management systems [11].

Governments worldwide have increasingly implemented
policies to address climate change, impacting international
relations and national strategies [12]. The Intergovernmental
Panel on Climate Change (IPCC), established in 1988 by the
World Meteorological Organization and the United Nations
Environment Programme, is a United Nations body that
provides policymakers with periodic, evidence-based
scientific assessments on climate change, its implications,
potential future risks, and proposes adaptation and mitigation
strategies [13]. The relationship between global temperature
and greenhouse gas concentrations is a crucial area of study
in understanding climate change and associated factors. Over
the past century, the earth's climate has undergone significant
changes, largely attributed to anthropogenic activities that
have increased the concentration of greenhouse gases in the
atmosphere [14].

The greenhouse effect is essential for maintaining Earth’s
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habitable average surface temperature of approximately
15 °C, instead of —18 °C [15]. However, human activities
have intensified this natural process, leading to accelerated
global warming [16]. Fossil fuel combustion, deforestation,
industrial production, waste management, and agricultural
practices contribute substantially to atmospheric carbon
dioxide (CO), methane (CH4), nitrous oxide (NOx), and
fluorinated gases [17-19]. Atmospheric CO, has increased
from 280 ppm to over 400 ppm since the Industrial
Revolution [20]. Consequently, reducing greenhouse gas
emissions remains an urgent global priority, supported by
both mitigation strategies and emerging technologies such as
CO;, utilization through electrochemical, photocatalytic, and
catalytic processes [21, 22].

However, alongside mitigation efforts, understanding and
adapting to rising temperatures is equally critical. Ambient
temperature is one of the most direct and measurable
indicators of climate change, and accurate temperature
prediction is essential for urban planning, public health
preparedness, agricultural management, infrastructure
protection, and disaster risk reduction. As global warming
accelerates, cities-especially densely populated and climate-
vulnerable regions-require reliable forecasting systems to
anticipate temperature variations and implement early
adaptation strategies.

Predicting ambient temperature trends is challenging due
to the nonlinear nature of atmospheric dynamics and the
complex interactions between greenhouse gases and other
environmental variables. Traditional statistical models often
fail to capture these intricate relationships, creating a growing
need for advanced computational approaches. Artificial
intelligence has emerged as a powerful tool for addressing
such complexities [23, 24]. Machine learning, a subset of
artificial intelligence, develops predictive models based on
learning patterns from data without requiring explicit
programming [25]. With increasing computational power and
the availability of large datasets, machine learning has
transformed numerous fields such as agriculture, healthcare,
environmental science, and climate modeling [26, 27].
Environmental applications include predicting air particulate
matter [28], forecasting water availability [29], modeling
wastewater  treatment  systems  [30], identifying
pollutants [31], and optimizing renewable energy
systems [32, 33].

In the context of climate research, machine learning has
demonstrated strong predictive capability for ambient
temperature estimation across different regions. For example,
Fister et al. [34] predicted long-term air temperatures in Paris
using multiple ML models, while Nematchoua et al. [35]
predicted solar radiation and temperature across 27 European
countries. Ding et al. [36] generated highly accurate air
temperature maps for  Guangzhou, China, and
Wang et al. [37] reviewed over 900 studies, highlighting the
substantial potential of ML for temperature prediction.
Furthermore, several studies have explored ambient
temperature prediction through mobile and web-based
applications. For example, Aguilera et al. [38] employed
weather data and basic building descriptors within a decision
tree model to predict indoor air temperature and subsequently
developed a user-friendly mobile application that reported an
accuracy of 92%. Soyemi and Adesola [39] developed a
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decision-support framework aimed at improving agricultural
productivity by providing farmers with accessible weather
and agricultural guidance. The system, delivered through a
web-based application supported by SMS technology, offers
timely weather forecasts, agricultural advisories, and
decision-making support tailored to farmers’ needs,
particularly in rural areas. Similarly, a web-based system
employing a Fuzzy Time Series-Markov model achieved
high accuracy in predicting air temperature and Relative
Humidity (RH) using wireless sensors and real-time data
transfer (R = 0.9987 for temperature; R = 0.9946 for
humidity) [40].

Despite global advancements, Sri Lanka-and particularly
Battaramulla region-lacks a comprehensive machine
learning-based ambient temperature prediction framework
that integrates greenhouse gases with other climatic factors.
Previous attempts, such as Perera and Rathnayake [41], used
limited variables due to data constraints and relied on basic
ANN models. As a climate-sensitive city, Battaramulla
urgently requires a robust, data-driven temperature prediction
system to support public health, urban planning, agriculture,
and disaster management. Therefore, this study aims to
develop an explainable machine learning model capable of
predicting ambient temperature in Battaramulla by
incorporating greenhouse gases and other key environmental
parameters. By leveraging explainable Al techniques, the
model not only enhances predictive accuracy but also
provides transparency into the relative importance of each
climatic factor, offering valuable insights for policymakers
and climate scientists.

To ensure transparency and interpretability of the proposed
model, the study incorporates multiple explainable Al
techniques. These include SHapley Additive exPlanations
(SHAP), which quantify the contribution of each input
feature to the model’s output, Individual Conditional
Expectation (ICE), which visualize the influence of a single
feature across individual predictions, Partial Dependence
(PDP), which show the average marginal effect of a feature
on the predicted temperature, and Accumulated Local Effects
(ALE), which show the effect of a feature on the predicted
temperature while accounting for correlations with other
features. Together, these methods provide both global and
local interpretability, enabling stakeholders to understand not
just the accuracy of predictions but also the rationale behind
them an essential aspect for informed climate-related
decision-making.

II. MATERIALS AND METHODS

A. Machine Learning Algorithms
1)  K-Nearest Neighbors (KNN)

KNN is widely used for pattern recognition and data
mining studies [42]. This algorithm belongs to the category
of lazy learning, as it stores all existing cases and determines
new cases based on distance function criteria. The N
dimensions represent vectors corresponding to each feature.
The value of K is determined during the operation of the
algorithm based on a set of objects with similar properties or
values, which constitute the training dataset. K represents the
number of elements considered when evaluating a new value.
The distance between the new value and the existing elements
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is calculated, and the new value is assigned to its nearest
neighbor. Euclidean distance is commonly used as a similar
metric for decision-making.

2)  Decision Tree (DT)

The Decision Tree (DT) algorithm is a tree-based structure
containing several branches and leaf nodes. Each branch
represents a choice between different options, and each leaf
node shows a specific classification or decision. The final tree
outlines all possible scenarios, with each branch showing a
decision and its outcome. This learning approach of the
algorithm is used to approximate target functions with
discrete values, representing the function and generating
multiple branches and leaf nodes through recursive binary
partitioning of the instance space [43]. At each node, the data
is split based on criteria defined by tree-building algorithms
such as Iterative Dichotomizer 3 (ID3) [44], Classification
and Regression Tree (CART), and Chi-squared Automatic
Interaction Detector (CHAID) [45].

3)  Random Forest (RF)

The RF algorithm was introduced to reduce the overfitting
of decision trees [46]. This algorithm is used for unpruned
classification and regression and randomly selects training
data for this mechanism. The RF trees are designed in
parallel, and the Bagging (Bootstrap Aggregating) algorithm
is used for the prediction [47]. The bootstrap sampling and
aggregation of individual predictions are two key processes
of Bagging. The sampling process produces data subsets for
training the weak learners using sampling with replacement.
The aggregation process is made as the average of the
prediction of weak learners to decide the RF output. Apart
from Bagging, RF incorporates a randomized feature
selection process at the nodes to mitigate the correlation
between the weak learners [48]. Hence, this process reduces
the similarity of weak learners.

4)  Support Vector Regression (SVR)

SVR algorithm is used for regression tasks and is an
adaptation of the Support Vector Machine (SVM) algorithm,
which is primarily used for classification [49]. Regression
problems can be considered a generalization of classification.
The SVM algorithm performs well in binary classification by
formulating the problem into a convex optimization task [50].
The goal is to identify the hyperplane that maximizes the
margin between classes while minimizing classification
errors. The SVM algorithm achieves this optimal hyperplane
by focusing on support vectors. Due to their sparse solutions
and strong generalization capabilities, the SVM algorithm is
extended to regression problems. Therefore, SVM is
generalized as SVR by introducing an e-insensitive region
around the function, called the e-tube. The regression models
aim to predict continuous values. The regression model aims
to estimate a continuous-valued function that maps input
variables to a numerical output [51].

5) Histogram-based  Gradient
(HGBR)

HGBR algorithm is an enhanced version of the Gradient
Boosting Regression Tree (GBRT) algorithm, utilizing
histograms to improve computational efficiency and
scalability [52, 53]. The fundamental approach of the HGBR
algorithm involves discretizing continuous floating-point
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eigenvalues into integer-valued bins and setting up a
histogram with the bin width of k. During data traversal, the
histogram accumulates statistics based on the discretized
indices values. After passing the data once, the histogram
accumulates the necessary statistics. Then, subsequently, it
efficiently traverses the discrete values of the histogram to
identify the optimal split point and construct the gradient
boosting tree. This approach significantly reduces the number
of potential split points compared to sorting continuous
values. Consequently, HGBR exhibits several advantages,
including reduced memory consumption, faster computation,
improved cache utilization, and a straightforward
construction process. Hence, this is achieved through a
histogram-based approach, similar to the iterative processes
found in algorithms like XGBoost and LightGBM [53]. Thus,
HGBR is particularly well-suited for regression tasks and is
widely applied in fields such as agriculture and
environmental science, particularly for high-dimensional
data or datasets with mixed feature types.

B.  Case Study and Data Collection

Colombo, Sri Lanka is significantly impacted by its air
pollution levels and the temperatures are in the rising phase.
Therefore, as discussed in the introduction, the Battaramulla
area in Colombo was selected as the case study area. This was
also due to the maximum availability of data. The hourly data
on Carbon dioxide concentration (CO;), Nitrous Oxide
concentration (NOx), Ozone concentration (O3) , Carbon
Monoxide concentration (CO), Particulate Matter (with
diameter < 2.5 um) concentration (PM2s), and Particulate
Matter (with diameter < 10 pum) concentration (PMjo) ,
ambient temperatures, relative humidity (RH), solar
radiation, and rain gauge for Battaramulla were collected
through the Central Environmental Authority in Sri Lanka
(Fig. 1). The hourly wind speed for the Battaramulla area was
obtained from the National Aeronautics and Space
Administration (NASA) (refer the following website:
https://power.larc.nasa.gov/data-access-viewer/). In addition,
Methane concentration (CHs) levels were collected from
NASA due to the unavailability of ground measured data.
Due to limited methane data and minimal differences
between day and night concentrations, the average of day and
night values was used to represent the hourly mean methane
concentration across the entire day. The model was
developed under data scarcity and arranged for April, July,
August, and September in 2023.
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Fig. 1. The location of the ambient air quality monitoring system in

Battaramulla, Sri Lanka.
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C. Pre-processing

The raw meteorological and air quality data were pre-
processed to enhance data quality and ensure suitability for
machine learning analysis. Temporal variables, such as
month, day, and hour, were converted into numerical format.
The minimal missing data (<2%) were handled using linear
interpolation based on nearby historical values, while
statistical threshold based filtering was applied to reduce
noisy observations and extreme outliers.

The processed dataset was split into 70% training, 20%
testing, and 10% validation sets, with the split performed by
including every study month to ensure reliable model
evaluation and generalization. Moreover, the dataset was
structured for model training with selected study months, in

wind speed [57], CO, concentration [58], NOx
concentration [59], CHa concentration [60], O3
concentration [61], CO concentration [62], PMjs, and
PM)o [63] directly impact the ambient temperature. The
mathematical formulation for the prediction model is given
in Eq. (1).

According to the raw dataset, the temperature deviation is
shown in Fig. 2. The trend indicates that the month of April
exhibits greater fluctuations than the other months, with
generally higher temperature values.

Ambient Temperature =
Relative humidity, solar radiation,
rain gauge,

which past observations were used to predict future ambient ) wind Spee-:d, COzconcentration, ) (1)
temperature. NOy concentration, methane concentration,
05 concentration, CO concentration,
D. Model Development PM, s, PM, o, Month, Day, Hour
According to the literature, there are many environmental
factors directly associated with ambient temperature.
Relative humidity [54], solar radiation [55], rainfall [56],
3500 40
3000 35
2500
30
2000 g
58
, 1500 s
~ 1000 E
15 E
500 E
0 10
0 o April - y July August September| s
-1000 0

——Relative Humidity (%) ——Solar Radiation (W/m?)

——03 Concentration (ppb) ——CO Concentration (ppb)

——CO2 Concentration (ppm)

Months

——NOx Concentration (ppm)

——Rain Gauge (mm)

= CH4 Concentration (ppm)

Wind Speed (m/s)

——PM2.5 Concentration (ug/m?)===PM10 Concentration (ug/m?)

e==Ambient Temperature (C)

Fig. 2. Temporal trend plot of raw dataset.

Five machine learning algorithms were used to develop the
prediction model based on Eq. (1). They are K-Nearest
Neighbors (KNN), Decision Tree (DT), Random Forest (RF),
Support Vector Regression (SVR), and Histogram-based
Gradient Boosting Regressor (HGBR).

The KNN model was developed with £ = 10, and for the
training dataset, the accuracy evaluation metrics
demonstrated the algorithm’s ability to capture hidden
patterns. In the DT algorithm, the most suitable values for the
hyperparameters, including the maximum depth of the tree,
the minimum number of samples required to split an internal
node, the minimum number of data samples at a leaf node,
and the maximum number of leaf nodes, were determined
using the grid search method from scikit-learn. The optimal
values were 5, 2, 1, and 50, respectively. In the RF algorithm,
hyperparameters such as the number of weak learners = 100,
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maximum depth of each tree = 30, minimum sample splits =
S, features for each split = 0.7, and minimum samples per leaf
nodes = 3 were applied. In SVR, the power transformation
with the Yeo-Johnson method was applied to preprocess the
data. This is to ensure a stable variance and an approximate
Gaussian distribution. Both the training and testing features
were scaled using this transformation. In addition, this
algorithm was configured with optimal hyperparameters as
follows: the regularization parameter was set to 6.0, the
epsilon (¢) was defined as 0.1, and the gamma (y) was set to
0.01. The Radial Basis Function (RBF) kernel was used
because it is particularly effective at capturing non-linear
relationships in the data, making it well-suited for complex
regression tasks. The following hyperparameters to balance
performance and efficiency were used in the HGBR
algorithm. The learning rate was set to 0.05, and a total of 300
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iterations were specified to allow a sufficient training
process, and the maximum number of leaf nodes was set to
20 to ensure controlling overfitting. The minimum number of
samples per leaf was 5, and slight L2 regularization with a
value of 0.1 was applied.

E.  Application of Explainable Machine Learning

Explainable machine learning techniques were considered
in this research to increase model trust and examine the effect
of features on predictions. Methods such as SHAP, PDP,
ICE, and ALE were utilized to provide deeper insights into
the model’s predictions and the influence of various features
on the outcomes.

1) SHapley Additive exPlanations (SHAP)

SHAP explainable method is an advanced interpretability
method used in machine learning to explain the predictions
of complex models by assigning contributions to individual
features. Hence, the main idea behind SHAP is to allow for a
clear understanding of the influence of each feature on the
model outcomes with SHAP values. The Shapley values
ensure that the contributions are distributed relatively based
on the marginal contribution of features across all possible
subsets. A unique aspect of SHAP is its flexibility in defining
the “players”. For tabular data, individual feature values can
serve as players, while for other types of data, such as images,
players can be grouped into meaningful clusters, like
superpixels, to explain the prediction. An important
innovation of SHAP is its representation as an additive
feature attribution method. This means the Shapley value
explanation is expressed as a linear model, where the
prediction is broken down into the sum of the contributions
of all features. This additive structure makes SHAP
explanations intuitive, consistent, and directly comparable
across features. SHAP has become a powerful tool for
understanding machine learning models, particularly in
identifying key drivers of predictions, revealing feature
interactions, and improving the transparency and
trustworthiness of black-box models [64, 65].

2) Partial Dependence Plot (PDP) and Individual
Conditional Expectation (ICE) plots

The Partial Dependence Plot (PDP) [66, 67] and Individual
Conditional Expectation (ICE) [68, 69] methods are
complementary visualization techniques used in machine
learning to display the relationship between features and
model predictions. The PDP provides a global perspective by
illustrating the average relationship between one or more
features with the predicted outcome. It helps in understanding
how a feature affects the prediction values across the entire
dataset, making it particularly useful for interpreting complex
models.

In addition, ICE plots offer a more granular, instance-
specific perspective. This method shows how the model
prediction for an individual instance changes as the value of
a specific feature varies while keeping all other features
constant. Each instance is represented by a separate line,
highlighting the unique, instance-specific relationship
between the feature and the predictions. Together, PDP and
ICE plots provide both global and local insights into feature
effects. PDPs give an overall view of the average impact,
while ICE plots show heterogeneity and interactions that

122

might be obscured in the average trends of PDPs. This
combination is a powerful tool for understanding and
interpreting machine learning models. Therefore, this study
discusses the use of the PDP explainability method to analyze
two factors theoretically deemed most influential, two factors
theoretically considered least influential, two factors
identified as having the most significant impact during the
model training stage, and two factors with the least impact
according to the model training stage. The ICE plots were
generated to examine the variation in predictions across 100
instances for each of the five most impactful factors, while all
other factors were held constant [70].

3) Accumulated Local Effects (ALE)

ALE method is model-agnostic interpretability technique
developed to explain predictions generated by complex
black-box machine learning models. This method quantifies
the local changes in model predictions within small intervals
of a feature, allowing the overall marginal effect of each
predictor to be visualized while reducing bias caused by
correlated variables in the dataset [71]. Compared with
commonly used interpretation tools such as PDP and SHAP,
ALE provides a more reliable functional decomposition of
model behaviour and is computationally efficient for
analysing feature effects [72]. Nevertheless, several
challenges remain in interpretable machine learning when
applying ALE, including concerns regarding the reliability of
results derived from bootstrapping procedures, particularly
for small datasets where conventional training—test splitting
may be limited [73]. Furthermore, determining meaningful
effect sizes for individual predictors and making statistically
reliable inferences from machine learning outputs remain
active research areas in model interpretability [72]. Despite
these limitations, ALE remains a powerful visual tool for
characterizing the relationships between predictors and
outcomes across a wide range of machine learning models.

F.  Model Accuracy Evaluation

Widely used Mean Squared Error (MSE) and the
coefficient of determination (R? were used as the
performance evaluating matrices for the developed models.
Low MSE values and high R’ values (closer to 1) showcase
the better performance of the predicted models.

The MSE is defined as the average of the squared
differences between predicted and actual values. A lower
MSE indicates a model with better predictive performance.
Mathematically, MSE is given by Eq. (2).

MSE = =32, (y; — 9:)? @)
where y; is the actual value, J; is the predicted value, and n
is the number of observations. MSE penalizes larger errors
more significantly due to the squaring term, making it
sensitive to outliers [74, 75].

R? also known as the coefficient of determination,
explains the proportion of the variance in the dependent
variable that is predictable from the independent variables. It
is calculated as Eq. (3).

_ i Gi-9?

2 —
R 1 L, 0192

3)
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where y is the mean of the actual values. An R? value of 1
indicates perfect prediction, whereas a value closer to 0
indicates poor prediction. R? helps in interpreting how well
the model generalizes to unseen data and is particularly useful
when comparing different models on the
dataset [75, 76].

same

G. Development
Methodology

A web application based on the prediction models was
developed as a user-friendly interface. This application

of Web Application and Overall

allows users to input 14 environmental parameters: month,
day, hour, relative humidity (%), solar radiation (W/m?),
rainfall (mm), wind speed (m/s), CO, concentration (ppm),
NOy concentration (ppm), CHs4 concentration (ppm), O3
concentration (ppb), CO concentration (ppb), PM:s
concentration (ug/m?), and PM;o concentration (pg/m?).
When applying the month feature, it is limited to accepting
only values from four months: April, July, August, and
September.

The overall methodology carried out in this research is
illustrated in Fig. 3.
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I11. RESULTS AND DISCUSSION

A. Performance of Developed Prediction Models

Table 1 showcases the coefficient of determination
between the predicted ambient temperature and measured
temperature. The results demonstrated that the HGBR
algorithm significantly outperformed other models in the
training and testing stages, recording R? values of 1 and 0.96,
respectively. In contrast, the SVR model exhibited the lowest
performance, with R? values of 0.87 during training and 0.86
during testing. Nevertheless, SVR showcases a very good
performance. These findings highlight the superior predictive
accuracy and reliability of the HGBR model, making it a
more robust choice for this application. The results
emphasize the potential of the HGBR model in capturing the

underlying relationships in the data, as opposed to the less
effective predictions observed with the SVR model.

In addition, the MSE quantifies the average squared
difference between predicted values and actual values, with
lower values indicating better model performance. In this
case, the HGBR model outperformed all other models,
achieving the lowest MSE values for both the training and
testing stages. Specifically, the HGBR model recorded an
MSE of 0.01 during the training phase and 0.11 during
testing, signifying a highly accurate fit with minimal
prediction error. Moreover, the Mean Absolute Error
(MAE) [75] achieved the lowest values of 0.03 and 0.21 in
the training and testing stages, respectively. Furthermore, the
RMSE also depicted the lowest values of 0.05 in the training
stage and 0.34 in the testing stage, in contrast to other models.

Table 1. Training and testing R> and MSE, RMSE, and MAE values across different models

Model R MSE RMSE MAE
Training Testing Training Testing Training Testing Training Testing
DT 0.95 0.90 0.15 0.26 0.39 0.51 0.29 0.37
HGBR 1.0 0.96 0.01 0.11 0.05 0.34 0.03 0.21
KNN 0.9 0.88 0.29 0.32 0.54 0.57 0.39 0.41
RF 0.99 0.93 0.05 0.19 0.22 0.44 0.15 0.30
SVR 0.87 0.86 0.38 0.37 0.62 0.61 0.44 0.45

Conversely, the SVR model demonstrated the highest
MSE values among the tested models, with 0.38 for training
and 0.37 for testing. This indicates that SVR had relatively
larger prediction errors and was less effective at capturing the
underlying patterns in the data compared to HGBR. The
results underscore the superior predictive capability of the
HGBR model, which exhibited remarkable consistency
between training and testing, pointing to its robustness and
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generalizability. In contrast, the higher MSE values observed
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particularly when compared to HGBR. These findings
highlight the HGBR model as a reliable choice for achieving
high accuracy and minimal error in predictive modeling
tasks. Graphical representation of the performance of the
models is shown in Fig. 4.
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B.  Evaluating HGBR Model Uncertainty Across the Test
Samples

Fig. 5 presents the model predictions for the first 100 test
samples, sorted in ascending order by the observed target

(h) KNN
Fig. 4. Comparison of actual and predicted values with different Models. (a) to (e) denote the training results of the models, while (f) to (j) denote the testing
results of the models. (Units of X and Y axes are in °C).
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value. The blue line with circular markers represents the
actual observed values, while the red line with square
markers shows the corresponding model predictions. The
shaded region denotes the 80% prediction interval, reflecting
the model’s estimated uncertainty around each prediction.



International Journal of Computer Theory and Engineering, Vol. 18, No. 2, 2026

80% Prediction Interval
—e— Actual
—=— Predicted

344

32

w
o
L

Target Value
N
(==

26

244

20 40

60 80 100

Sample (sorted by actual value)

Fig. 5. Prediction with 80% prediction intervals for the first 100 test samples.

Across most of the lower and mid-range values, the
predicted series closely follows the observed trend, indicating
strong agreement between predicted and actual values. In this
range, the majority of observed points lie within the 80%
prediction intervals, suggesting that the uncertainty estimates
are reasonably well calibrated. The relatively narrow width
of the prediction intervals in this region indicates higher
model confidence under more stable conditions.

As the target values increase toward the upper end of the
distribution, greater variability between predictions and
observations is observed, accompanied by a noticeable
widening of the prediction intervals. This behaviour indicates
increased predictive uncertainty at higher values. Despite
this, the prediction intervals continue to capture most of the
observed values, demonstrating that the model appropriately
expands its uncertainty bounds under more challenging
conditions.

The scatter plot in Fig. 6 presents predicted values against
observed values, together with the 1:1 reference line
representing perfect agreement between predictions and
observations. Most data points lie close to this line, indicating
strong agreement and good predictive performance across the
observed range. The vertical error bars represent the 80%
prediction intervals, which quantify the model’s uncertainty
for each prediction. These intervals generally encompass the
observed values, demonstrating reasonable uncertainty
calibration.

@ Predictions

341 —~. Perfect Prediction

32 A

w
o

Predicted Value
N
(o]

26

24 1

28 30 0 34

Actual Value

26

Fig. 6. Actual vs Predicted with 80% prediction intervals.
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A slight widening of the prediction intervals is observed at
higher values, suggesting increased uncertainty under more
extreme conditions. Nevertheless, the majority of predictions
remain close to the ideal line, confirming that the model
captures the underlying relationship effectively while
providing meaningful uncertainty estimates.

C. Distribution of HGBR Model Prediction Errors

The Fig. 7 illustrates the distribution of prediction errors
(predicted-observed values) for the model. The error
histogram is approximately symmetric and centred close to
zero, as indicated by the dashed vertical line, suggesting that
the model does not exhibit a strong systematic bias toward
over- or under-prediction. Most errors are concentrated
within a narrow range around zero, indicating generally high
prediction accuracy for the majority of observations. A small
number of larger positive and negative errors are present in
the tails of the distribution, reflecting occasional deviations
under more extreme conditions. Overall, the error
distribution suggests stable model performance with limited
dispersion and acceptable residual behaviour.
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Fig. 7. Distribution of prediction errors.

D. SHAP Based Feature Contribution Analysis

As per the above results, the prediction model developed
based on the HGBR algorithm was selected for further
analysis. Fig. 8 showcases the SHAP summary plot,
providing an overall picture of how each feature contributes
to the output of the HGBR algorithm. The X-axis of the plot
showcases the impact of each feature on model prediction.
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Positive values push prediction higher while negative values In addition, solar radiation has a significant influence on
lower the prediction. The Y axis presents the features by their ~ the predictions. Solar radiation influences atmospheric
rankings. The color gradient, transitioning from blue to  chemical reactions. This can lead to the formation of Os.
yellow, represents the progression of feature values from low  Higher positive SHAP values suggest that stronger sunlight
to high, illustrating their varying impact. Results revealed leads to higher ambient temperatures as expected.
that solar radiation, month and hour have strong impactinthe =~ Furthermore, relative humidity has a minor impact on the
prediction. Month and hour are the temporal variations; = model prediction. It has some higher SHAP values but with
therefore, this showcases daily and seasonal variations. The  lower feature values. It also has some positive and negative
wider SHAP value ranges showcase the strong influence in ~ mixed SHAP values. Therefore, relative humidity interacts
predictions. Hours (mid-day) tend to influence the  with other features. As expected, wind speed has some
temperature as expected due to increased solar activity. In  negative impacts. It helps to disperse pollutants in the
addition, summer months have higher influence on the environment and negatively impact the temperature
predictions. These features can be clearly visible from the  predictions. However, most of the strong points are closer to
SHAP plot. zero. The SHAP values for pollutants are aligned near zero
High suggesting there is no major influence.

Month GO 0000 mosos 0 & e o .-

Hour B e E. ICE Based Feature Contribution Analysis

RH

A similar analysis was carried out on the model based on
the KNN algorithm too. Based on the SHAP values of both
. HGBR and KNN, features such as Month, Hour, Relative
Humidity, Solar Radiation, and Day had a more significant
& impact than other factors for both models. Fig. 9 presents ICE
plots for these factors. Panels (a) to (e) show the results for
the HGBR model, while panels (f) to (j) display the results

for the KNN algorithm.
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Fig. 8. SHAP values for the different features used in the HGBR model.
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Fig. 9. ICE plots of HGBR and KNN models. Plots (a)—(e) represent the HGBR model, and plots (f)—(j) represent the KNN model for the factors month,
hour, relative humidity, solar radiation, and day, respectively.

The Fig. 9(a) and (b) plots provide insights into how the  feature demonstrates a dynamic effect on predictions
Month and Hour features impact the prediction values of the  throughout the day. The predictions increase during early
HGBR model. For Month, the predicted values (ambient  hours, peak around specific times, and gradually decline as
temperature) remain consistent for specific intervals but  the day progresses. The plots Fig. 9(c)—(e) show the impact
exhibit noticeable shifts at certain points, particularly around  of the Relative Humidity, Solar Radiation, and Day features,
the transition from one month to another. Similarly, the Hour  respectively, on the prediction values of the HGBR
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algorithm. For relative humidity, the prediction values
generally decrease as humidity increases, but individual data
points often behave differently indicating a complex impact.
In addition, for solar radiation, the prediction values tend to
increase with rising radiation levels, though many instances
deviate from this trend, highlighting the diverse effects of this
feature. Moreover, the plot of Fig. 9(e) related to the feature
of ‘day’, the median ICE curve shows a slight increase in
predictions with the end of the months, but individual
patterns are complex. The impact of the standardized
features, according to the median ICE curve of the plots
related to the KNN algorithm, does not show significant
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Contour map Fig. 10(a) represents the two most affected
features according to the SHAP results for the HGBR
algorithm’s predictions. Contour map Fig. 10(b) represents
the two least effected features according to the SHAP results
for the HGBR algorithm’s predictions. Contour map
Fig.10(c) represents the two most effected features based on
the real-world scenario for the HGBR algorithm’s
predictions. Contour map Fig. 10(d) represents the two least
effected features based on the real-world scenario for the
HGBR algorithm’s predictions.

Fig. 10(a) map depicts the features ‘hour’ and ‘month’ that
have a significant effect on the ambient temperature
predictions of the HGBR algorithm. Hence, contour maps
show a clear interaction between these two variables, with
distinct color variations between the blue and yellow
observed effect of hour and month combinations. For
instance, certain hours during specific months demonstrate
sharp gradients, highlighting the model sensitivity to seasonal

PM;o Concentration

changes with variations in feature values.

F.  PDP Based Feature Contribution Analysis

Fig. 10 presents a series of PDP contour maps that
illustrate the interactive effects of various factors on the
HGBR model predictions. Contour map Fig. 10(a) focuses on
the two most influential features identified by SHAP
analysis, while map Fig. 10(b) examines the two least
influential features. Similarly, plots Fig. 10(c) and (d)
analyze the impact of the two most and least influential
features, respectively, based on real-world scenarios.
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Fig. 10. PDP contour map of the most and minimum influential factors.

and diurnal variations. This indicates that the dynamics
captured by these features are crucial for accurately
predicting ambient temperature, emphasizing their
importance in the prediction process. In addition, according
to Fig. 10(b), the ‘PM;o concentration’ and ‘rain gauge’
illustrate that these features have minimal influence on the
model predictions. The uniform contour lines and spread of
blue colors depict a weak dependency, with little interaction
effect between these variables for predictions. The prediction
stage of the HGBR algorithm remains largely consistent
regardless of changes in PMj, levels and rain gauge
measurements.

Fig. 10(c), ‘CH4 concentration’ and ‘CO: concentration,’
illustrates the interaction effects of these two features on the
model’s predictions. This contour map highlights significant
subtle dependencies, with certain ranges of CO, and CH4
concentrations demonstrating moderate variations in the
model output. For instance, low CO, and high CHy
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concentrations indicate a high prediction value, while low
CH4 and high CO; concentrations result in low prediction
values for the algorithm. However, the overall contour
patterns indicate relatively weak interactions, with prediction
values remaining consistent across large areas of the feature
space. Fig. 10(d) depicts the interaction effects between
‘PM; concentration’ and ‘CO concentration’ for the model
prediction values. According to the contour map, high PM
and low CO concentrations indicate lower predicted values,
while high levels of both PM;y and CO concentrations
indicate significantly higher predicted values. Therefore,
both CO and PM concentrations have considerably affected
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G. ALE Based Feature Contribution Analysis

The one-dimensional Accumulated Local Effects (ALE)
plots illustrate the marginal influence of notable patterns of
six environmental variables on the predicted ambient
temperature by the HGBR model, while accounting for
feature interactions (Fig. 11). The shaded regions represent
the 95% confidence intervals, while the rug plots indicate the
distribution of observations used to compute the ALE
estimates.
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Fig. 11. ALE plots of the features. (a) Wind Speed, (b) CH4, (c) CO Concentration, (d) PM, s Concentration, (¢) PM;, Concentration, (f) RH.

Wind speed exhibits a generally positive influence on
temperature predictions at higher values (>8), indicating that
stronger wind conditions tend to increase the predicted
temperature contribution in the model. CHs shows a non-
linear relationship, with temperature contributions
considerably increasing around 1825-1855 ppm but
declining at higher concentrations. CO demonstrates a
moderate positive effect at lower concentrations (<1000 ppb),
followed by a gradual decrease at higher concentrations.

Particulate matter variables show contrasting behaviors,
where PM,s displays a positive effect at higher
concentrations (>20 pg/m?®), while PM;o shows a slight
positive influence at moderate levels followed by a negative
effect beyond approximately 50 pg/m?.

The RH demonstrates a strong negative relationship, with
higher humidity substantially reducing predicted temperature
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contributions.

H. Web Based Application

Fig. 12 presents the novel web-based application,
‘Therma’ developed based on the results of the study. This
application allows wusers to input 14 environmental
parameters: month (April, July, August, and September), day,
hour, relative humidity (%), solar radiation (W/m?), rainfall
(mm), wind speed (m/s), Os concentration (ppb), CO
concentration (ppb), PMays concentration (pug/m?), PMjo
concentration (pug/m?®), CO, concentration (ppm), NOx
concentration (ppm), and CH4 concentration (ppm). Once the
user enters these values, the application utilizes the optimized
HGBR algorithm to process the data in the back end,
generating an accurate prediction of the ambient temperature
in Battaramulla, Sri Lanka.
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The web application is hosted within a cloud environment
and made publicly accessible through a secure tunneling
service. To achieve this, a tunnel is established to the private
cloud environment via a specified port using the Ngrok
executable process. This creates a publicly accessible,
temporary URL that is then shared with end-users. When
users access the web application through this URL, their
requests are first routed to the Ngrok web server, since the
URL falls under the ngrok.com subdomain. Ngrok then maps
the incoming request to the corresponding application by
linking it to the previously established tunnel. Finally, the
request is forwarded through this tunnel to the hosted
application, enabling seamless user access over the
internet [77].

In the ‘Therma’ application, all features must be provided
for the model to make accurate predictions. If any input
feature is missing, the model cannot predict the ambient
temperature and an error message will appear for the end
user. This application aims to be a valuable resource for
various stakeholders, including researchers, environmental
agencies, and the general public, who require reliable
temperature information for planning and decision-making.

U e T

Fig. 12. Interface of the ‘“Therma’ web application.

L Application validation

The developed application validation process was
conducted with new values and ambient temperature data. To
assess the accuracy of the developed application, 192 points
of real-time unseen data were used, equally distributed across
four selected months in this study. After prediction, the
differences between the actual and predicted values were
analyzed (refer to Fig. 13). The blue dots represent the actual
temperature measurements, while the red dots represent the
corresponding temperature values predicted by the developed
application. The application predicts the ambient temperature
with minimal errors. As depicted in the plot, some predictions
overestimate the temperature, while some predictions
underestimate the actual values with a minor error. Moreover,
these discrepancies mentioned the presence of noise in the
data, but it has not significantly affected the HGBR training
process according to the line graph.

The values demonstrated minimal deviations from the real-
time data, indicating that the model performed with high
accuracy and minimal errors. Hence, the overall plot is
depicted that the application predictions align reasonably
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well with the actual temperature readings.
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g. 13. Validation plot of the developed web application based on real-
time data.

1V. ALIGNMENT TO SUSTAINABLE DEVELOPMENT

GOALS

Climate change directly impacts many of the Sustainable
Development Goals (SDGs) and ambient temperature is one
of the most important parameters in climate change. It is in
the rising phase due to anthropogenic activities, and it is
important to understand its significance in highly urbanized
areas like capital cities. Ambient temperature has direct
influences in SDG2: Zero Hunger, SDG6: Clean Water and
Sanitation, SDG7: Affordable and Clean Energy, SDGI11:
Sustainable Cities and Communities, SDG13: Climate
Action, SDG14: Life below Water and SDG15: Life on Land.
In addition, this is a factor that interconnects all other SDGs.
Therefore, accurate prediction of ambient temperatures is
highly important in achieving SDGs for a meaningful future.
Therefore, understanding its importance, this research
showcases predicting one of the most important climatic
parameters in a concerned area. The findings can be used to
implement any adaptation strategies for climate change.

V.

This research offers a comprehensive approach to
predicting ambient temperature in Battaramulla division in
Sri Lanka. The integration of advanced algorithms, such as
HGBR and KNN, showed the higher coefficient of
determination values and lowest MSE, RMSE, and MAE
values of these tree-based and non-tree-based models.
Explainable artificial intelligence-based SHAP values
revealed that key features including Month, Hour, Relative
Humidity, Solar Radiation, and Day exert the most
significant influence on temperature fluctuations of both
HGBR and KNN models. These findings underscore the
value of data-driven insights for understanding complex
environmental dynamics during the selected months. The
development of the ‘Therma’ web application represents a
pivotal step in operationalizing these insights. The ability of
the application to process 14 environmental parameters and
deliver precise real-time temperature predictions highlights
its utility as a robust, user-centric tool for environmental
monitoring.

Validation using 192 real-time data points demonstrated
the exceptional accuracy of the model, with minimal
prediction errors. Moreover, the incorporation of SHAP,
PDP, ICE and ALE enabled a detailed interpretation of
feature interactions, facilitating a nuanced understanding of
their roles in temperature prediction. This study not only

CONCLUSIONS
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establishes the effectiveness of machine learning in
environmental modeling but also lays the groundwork for
scalable and adaptable predictive frameworks. Despite these
strengths, the framework exhibits several limitations. The
requirement for multiple user-provided inputs may reduce
usability, and the model is currently constrained by its spatial
and temporal scope, having been trained exclusively for the
Battaramulla region and limited months of 2023 due to data
availability.

Future research should therefore emphasize time aware
validation strategies to assess temporal stability, incorporate
uncertainty quantification to support risk informed decision
making, and integrate lagged and autoregressive features to
better capture temporal dependencies in temperature
dynamics. Expanding the spatial and temporal coverage to
include diverse geographic regions, longer observation
periods, and additional climatic variables would further
enhance generalizability. Such advancements will strengthen
the scalability and adaptability of the proposed framework,
increasing its potential contribution to climate-sensitive
planning, sustainable development, and evidence-based
policy formulation.
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