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Abstract: Ultraviolet (UV) radiation reaching the Earth's surface has shown a long-term increasing 

trend, raising concerns due to its adverse effects on human health, including an elevated risk of skin 

cancer. The Ultraviolet Index (UVI) is a standardized measure of UV radiation intensity and plays an 

important role in public health protection and climate adaptation planning. However, UVI forecasting 

studies in Sri Lanka remain limited, particularly those comparing traditional statistical, machine learning 

(ML), deep learning (DL), and hybrid forecasting approaches across different climatic zones. This study 

develops and evaluates forecasting frameworks for hourly UVI prediction in three representative cli-

matic regions of Sri Lanka: Colombo (wet zone), Badulla (intermediate zone), and Jaffna (dry zone). 

Hourly UVI observations from January 2018 to December 2023 were obtained from the NASA 

POWER database. Since UVI values between 18:00 and 05:00 were consistently zero, the analysis was 

restricted to daylight hours (06:00–17:00). Traditional time-series, ML, and DL models were evaluated 

for one-hour-ahead forecasting using a univariate framework. In addition, a residual-correction hybrid 

approach was proposed, in which residuals from the best-performing standalone model were modeled 

using a secondary learning algorithm to improve prediction accuracy. The results show that ML and 

DL models consistently outperform traditional statistical approaches, while hybrid models achieve the 

highest predictive performance across all climatic zones. The CNN–RF hybrid achieved the best per-

formance in Colombo (RMSE = 0.3967, R² = 0.9881), whereas the FNN–RF hybrid performed best 

in Badulla (RMSE = 0.4265, R² = 0.9847) and Jaffna (RMSE = 0.4291, R² = 0.9844). Furthermore, lag 

analysis revealed that both short-term dependencies and recurring diurnal patterns contribute substan-

tially to forecasting performance. These findings demonstrate the effectiveness of residual-correction 

hybrid forecasting for regional UVI prediction and its potential application in public health early warn-

ing systems. 

Keywords: Climate adaptation; Deep learning; Environmental forecasting; Machine learning; Public 

health; Residual-correction hybrid model; Ultraviolet index forecasting; UV radiation. 

 

1. Introduction 

Ultraviolet (UV) radiation reaching the Earth's surface has shown a long-term increasing 
trend, posing significant risks to human health through elevated incidences of skin cancer, 
cataracts, and immune system suppression [1]–[4]. The Ultraviolet Index (UVI), developed 
by the World Health Organization, is a standardized indicator used to communicate UV ra-
diation intensity and associated health risks to the public [5], [6]. As climate change continues 
to influence atmospheric composition, ozone concentrations, and cloud-cover dynamics, ac-
curate short-term UVI forecasting has become increasingly important for supporting public 
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health interventions, risk communication, and climate adaptation strategies [4], [7]–[9]. Relia-
ble forecasts can enable proactive measures to reduce harmful UV exposure and strengthen 
environmental health management, particularly in regions experiencing high solar irradiance 
throughout the year. 

Despite its practical importance, accurate UVI forecasting remains a challenging task. 
Physical radiative transfer models (RTMs), such as UVSPEC and TUV, provide physically 
interpretable forecasts but require detailed atmospheric and radiometric inputs that are often 
unavailable in data-sparse regions [10], [11]. To address these limitations, machine learning 
(ML) and deep learning (DL) approaches have increasingly been adopted for environmental 
forecasting applications due to their ability to capture complex nonlinear relationships directly 
from observational data [12], [13]. Although these approaches have demonstrated promising 
performance in solar radiation and related environmental prediction tasks, their application 
to UVI forecasting remains relatively limited, particularly in tropical environments. 

Most existing UVI forecasting studies have been conducted in temperate or high-latitude 
regions, while comparatively little attention has been given to tropical countries characterized 
by distinct climatic regimes and year-round solar exposure. Furthermore, previous studies 
have predominantly focused on individual forecasting models, with limited efforts devoted 
to systematically comparing traditional time-series (TTS), ML, DL, and hybrid approaches 
under different climatic conditions. Hybrid residual-correction frameworks, which have 
demonstrated effectiveness in improving forecasting accuracy in other time-series domains, 
have also received limited attention in the context of UVI prediction. Consequently, the rel-
ative strengths of standalone and hybrid forecasting approaches across different tropical cli-
matic zones remain insufficiently understood. 

Sri Lanka provides a suitable case study for addressing these research gaps because it 
comprises three major climatic zones, the Wet Zone, Intermediate Zone, and Dry Zone, 
which exhibit substantial differences in rainfall patterns, cloud cover, humidity, and solar ex-
posure [14]. To capture this climatic diversity, the present study focuses on three representa-
tive districts: Colombo (wet zone), Badulla (intermediate zone), and Jaffna (dry zone). We 
hypothesize that residual-correction hybrid models can exploit complementary information 
contained in both primary forecasts and residual error structures, thereby improving predic-
tive performance compared with standalone TTS, ML, and DL models for short-term UVI 
forecasting. 

To investigate this hypothesis, a residual-correction hybrid forecasting framework is de-
veloped and evaluated for one-hour-ahead UVI prediction using hourly NASA POWER ob-
servations collected between January 2018 and December 2023. The study pursues three ob-
jectives: 
• To investigate the effectiveness of residual-correction hybrid forecasting for hourly UVI 

prediction across different climatic zones in Sri Lanka. 
• To examine temporal dependency patterns and lag structures that contribute to UVI 

predictability in wet, intermediate, and dry climatic conditions. 
• To provide a systematic comparison of traditional time-series, machine learning, deep 

learning, and hybrid forecasting approaches under a consistent experimental framework. 
 

By analysing UVI dynamics across climatically distinct regions, this study contributes 
empirical evidence on the applicability of data-driven forecasting methods for tropical envi-
ronments and highlights the potential of hybrid forecasting strategies for supporting UV 
early-warning systems, public health planning, and climate adaptation initiatives. The remain-
der of this paper is organized as follows. Section 2 reviews the literature on UVI forecasting 
and ML/DL-based environmental prediction. Section 3 presents the study area, dataset, pre-
processing procedures, feature engineering strategy, forecasting models, and the proposed 
hybrid framework. Section 4 provides exploratory data analysis. Section 5 presents the exper-
imental results, while Section 6 discusses the findings and their implications. Finally, Section 
7 concludes the paper and outlines future research directions. 

2. Literature Review 

This section reviews previous studies on ultraviolet index (UVI) forecasting and related 
environmental time-series prediction problems. Particular attention is given to physical mod-
els, machine learning (ML), deep learning (DL), and hybrid forecasting frameworks that have 
been applied to short-term environmental forecasting tasks. Rather than presenting studies 
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individually, the review focuses on how different methodological families address key fore-
casting challenges, including nonlinearity, temporal dependence, data availability, and model 
generalization. This synthesis is subsequently used to identify research gaps and motivate the 
methodological framework adopted in the present study. 

Accurate UVI forecasting remains a challenging problem due to the complex interac-
tions among atmospheric processes, strong temporal variability, nonlinear relationships, and 
the limited availability of high-resolution environmental observations in many regions. Exist-
ing studies have approached these challenges using a range of physical, statistical, ML, DL, 
and hybrid methods. While each approach offers distinct advantages, they also involve trade-
offs in terms of data requirements, predictive performance, interpretability, and operational 
applicability. Consequently, understanding the strengths and limitations of these methodo-
logical families is essential for identifying suitable forecasting strategies, particularly in data-
sparse tropical environments. 

2.1. Physical and Satellite-Based Approaches to UV Index Estimation 

Early efforts to estimate and forecast surface UV radiation primarily relied on physically 
based radiative transfer models (RTMs). These models simulate the propagation of solar ra-
diation through the atmosphere by explicitly accounting for key physical drivers, including 
solar zenith angle, total column ozone, aerosol optical depth, cloud optical properties, and 
surface albedo. Among the most widely used RTM tools are UVSPEC within the libRadtran 
package and the Tropospheric Ultraviolet and Visible (TUV) model developed by the Na-
tional Center for Atmospheric Research (NCAR) [11], [15]. 

Because RTMs are grounded in atmospheric physics, they provide physically interpreta-
ble estimates and have been extensively applied in UV climatology studies and future climate 
scenario analyses [16]. Their ability to quantify the effects of atmospheric composition and 
radiative processes makes them valuable for scientific investigations of long-term UV varia-
bility. However, operational deployment of RTMs for local short-term forecasting remains 
challenging because they require comprehensive atmospheric inputs that are often unavailable 
at the spatial and temporal resolutions needed for real-time applications [10], [11]. 

These limitations are particularly pronounced in tropical and data-sparse regions, where 
access to reliable atmospheric observations remains limited. Consequently, there is growing 
interest in data-driven forecasting approaches that can provide accurate short-term UVI pre-
dictions while requiring fewer physical input variables. This shift has motivated the increasing 
adoption of ML and DL techniques for environmental forecasting applications. 

2.2. Machine Learning and Deep Learning for UVI Forecasting 

Recent advances in ML and DL have created new opportunities for UVI forecasting by 
enabling the direct learning of complex temporal and nonlinear relationships from historical 
observations. Compared with physically based approaches, these methods typically require 
fewer atmospheric inputs and can be adapted more easily to operational forecasting settings. 
As a result, ML and DL models have increasingly been investigated as alternatives to tradi-
tional physical models for short-term UVI prediction. 

Several studies have demonstrated the potential of deep learning architectures for UVI 
forecasting. D et al. [17] employed Gated Recurrent Unit (GRU) networks for short-term 
UVI prediction in Bengaluru, India, and reported improved forecasting performance when 
temporal variables such as hour of day and day of year were incorporated into the model. 
While the study demonstrated the effectiveness of recurrent neural networks for capturing 
temporal patterns, the evaluation was limited to a relatively narrow range of forecasting algo-
rithms and relied on a discretized UVI representation that excluded extreme UV conditions. 

A more comprehensive multivariate forecasting framework was proposed by Prasad et 
al. [18], who developed an Enhanced Joint Hybrid Explainable Deep Neural Network (EJH-
X-DNN) for one-hour-ahead UVI prediction across multiple locations in Australia. By inte-
grating satellite-derived variables, ground-based measurements, and explainability mecha-
nisms, the framework achieved superior performance relative to several benchmark models. 
Nevertheless, the approach depends on a rich set of atmospheric and meteorological predic-
tors, which may not be consistently available in data-sparse environments. 

Hybrid deep learning approaches have also demonstrated strong potential for UVI fore-
casting. Ahmed et al. [19] proposed a CEEMDAN-CLSTM framework that combined signal 
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decomposition techniques with deep learning for daily maximum UVI prediction. Their re-
sults highlighted the benefits of integrating decomposition methods and neural networks to 
capture complex nonlinear temporal dynamics. However, the study focused on daily forecast-
ing rather than short-term hourly prediction, leaving uncertainty regarding the effectiveness 
of similar architectures for operational one-hour-ahead forecasting tasks. 

Beyond regression-based forecasting, ML techniques have also been applied to UVI clas-
sification and prediction-related tasks. Syahab et al. [20] used logistic regression and random 
forest models to classify extreme and non-extreme UVI conditions, demonstrating the supe-
rior performance of ensemble learning methods. Similarly, Ervianto et al. [21] compared sev-
eral ML algorithms, including support vector machines, artificial neural networks, decision 
trees, and Naïve Bayes classifiers, for estimating UVI from UV-A and UV-B measurements, 
with support vector machines achieving the highest predictive accuracy. Although these stud-
ies confirm the usefulness of ML for UVI-related applications, they focus primarily on clas-
sification or measurement estimation rather than the one-hour-ahead forecasting problem 
considered in the present work. 

Collectively, the existing literature demonstrates that ML, DL, and hybrid architectures 
can substantially improve UVI prediction accuracy compared with traditional approaches. 
Nevertheless, most studies have been conducted in temperate, arid, or high-latitude environ-
ments, and relatively few have investigated forecasting performance across climatically dis-
tinct tropical regions. Furthermore, systematic comparisons among traditional time-series, 
ML, DL, and hybrid forecasting frameworks remain limited, particularly for hourly UVI pre-
diction. These limitations motivate the need for a more comprehensive evaluation framework 
capable of assessing forecasting performance across multiple climatic conditions and meth-
odological paradigms. 

2.3. ML and DL for Meteorological Variable Forecasting 

The methodological motivation for this study is further supported by advances in ML 
and DL-based forecasting of related atmospheric and environmental variables. Although var-
iables such as solar irradiance, photovoltaic power output, and wind speed differ from UVI 
in their physical interpretation, they share several forecasting characteristics, including strong 
temporal dependence, nonlinear dynamics, seasonality, and sensitivity to atmospheric condi-
tions. Consequently, methodological developments in these domains provide valuable in-
sights for UVI forecasting. 

In solar irradiance forecasting, hybrid deep learning architectures have consistently 
demonstrated superior performance compared with standalone models. Zang et al. [22] pro-
posed a CNN-LSTM framework for short-term global horizontal irradiance (GHI) forecast-
ing that effectively exploited spatial and temporal dependencies, outperforming standalone 
CNN and LSTM models across one-hour-ahead forecasting horizons. Similarly, Zhang et al. 
[23] developed a hybrid forecasting framework incorporating an error-correction stage for 
photovoltaic power prediction and reported substantial reductions in prediction error relative 
to standalone deep learning models. These findings suggest that residual information often 
contains additional predictive patterns that remain unexploited by primary forecasting mod-
els. 

Recent studies have also highlighted the benefits of integrating feature engineering and 
model optimization strategies within forecasting frameworks. Taha et al. [24] combined fea-
ture selection techniques with advanced ML algorithms for solar irradiance forecasting using 
NASA POWER data and achieved highly accurate predictions across multiple forecasting 
horizons. Their work demonstrates the importance of selecting informative predictors and 
systematically evaluating competing forecasting models within a unified experimental frame-
work. Similar observations have been reported in wind speed forecasting. Taha et al. [25] 
integrated Variational Mode Decomposition (VMD) with several advanced ML algorithms, 
including XGBoost, AdaBoost, LightGBM, KNN, and Informer-based architectures, for 
long-term wind speed prediction. Their results showed that decomposition-based frame-
works effectively addressed the non-stationary characteristics of atmospheric time series and 
significantly improved forecasting performance. Such findings reinforce the broader applica-
bility of hybrid forecasting strategies across environmental prediction problems. 

Although solar irradiance, wind speed, and UVI represent distinct environmental varia-
bles, they exhibit similar forecasting challenges arising from nonlinear behavior, temporal de-
pendence, seasonality, and atmospheric variability. Consequently, forecasting architectures 
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that have demonstrated success in these related domains, including deep learning, decompo-
sition-based methods, and hybrid residual-correction frameworks, provide a strong method-
ological foundation for UVI forecasting. The success of these approaches in related environ-
mental forecasting tasks motivates their evaluation for short-term UVI prediction in climati-
cally diverse tropical environments. 

2.4. Hybrid Residual-Correction Frameworks in Environmental Forecasting 

Among recent developments in environmental forecasting, hybrid modeling strategies 
have attracted considerable attention because they combine the complementary strengths of 
multiple algorithms. Rather than relying on a single forecasting model, hybrid approaches 
seek to capture different aspects of the underlying data-generating process, often leading to 
improved predictive accuracy and robustness. One particularly effective strategy is residual-
correction forecasting, in which the residual errors produced by a primary model are treated 
as a secondary forecasting target and subsequently modeled using an additional learning algo-
rithm [23]. This approach is especially useful when the primary model successfully captures 
dominant temporal patterns but leaves structured prediction errors that still contain exploit-
able information. By learning these residual patterns, the secondary model can refine the initial 
forecast and reduce systematic prediction errors. 

Residual-correction frameworks have been successfully applied in several environmental 
forecasting domains, including solar irradiance prediction, photovoltaic power forecasting, 
and UV-related applications [19], [23], [24]. These studies consistently report improvements 
in forecasting accuracy compared with standalone approaches, highlighting the potential of 
hybridization for modeling complex nonlinear environmental processes. The effectiveness of 
these frameworks is often attributed to their ability to combine the strengths of different 
modeling paradigms while mitigating individual model limitations. The relevance of residual-
correction forecasting to UVI prediction is supported by the fact that UVI time series exhibit 
many of the characteristics observed in solar irradiance and photovoltaic power data, includ-
ing periodic behavior, nonlinear dynamics, short-term fluctuations, and sensitivity to atmos-
pheric conditions. Consequently, forecasting methodologies that have proven successful in 
related environmental domains provide a strong theoretical basis for investigating hybrid re-
sidual-correction frameworks for short-term UVI prediction. 

Despite these promising developments, the application of residual-correction hybridiza-
tion to hourly UVI forecasting remains limited. Existing hybrid UVI studies have primarily 
focused on multivariate forecasting settings or daily prediction horizons [18], [19]. Moreover, 
little attention has been given to systematically combining standalone ML and DL models 
through residual-correction mechanisms for one-hour-ahead univariate UVI forecasting. This 
gap provides a clear opportunity for further investigation. 

2.5. Research Gaps and Positioning of This Study 

The reviewed literature reveals several important gaps that motivate the present research. 
First, most UVI forecasting studies have been conducted in temperate, arid, or high-latitude 
regions, including Australia, India, Indonesia, and the Middle East [17]–[21]. Comparatively 
little evidence is available from tropical island environments such as Sri Lanka, where climatic 
variability, solar exposure, and atmospheric conditions differ substantially from those re-
ported in existing studies. 

Second, although ML, DL, and hybrid forecasting approaches have demonstrated prom-
ising performance in both UVI forecasting and related environmental prediction tasks, resid-
ual-correction hybridization remains largely unexplored for one-hour-ahead univariate UVI 
forecasting. Existing hybrid studies have primarily emphasized deep learning architectures, 
decomposition techniques, or multivariate forecasting frameworks, leaving the potential ben-
efits of residual-correction strategies insufficiently investigated [18], [19], [23]. 

Third, few studies have conducted a systematic comparison of traditional time-series 
(TTS), ML, DL, and hybrid forecasting approaches within a unified experimental framework. 
As a result, the relative strengths and limitations of these methodological families remain dif-
ficult to assess, particularly when forecasting performance is evaluated across distinct climatic 
conditions. 

To address these gaps, the present study develops and evaluates a residual-correction 
hybrid forecasting framework for one-hour-ahead UVI prediction using hourly NASA 
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POWER observations from three representative climatic zones in Sri Lanka. By combining a 
systematic comparison of TTS, ML, DL, and hybrid approaches with an analysis of temporal 
dependency patterns and lag structures, the study provides new empirical evidence on the 
applicability of data-driven forecasting methods for tropical UVI prediction and offers prac-
tical insights for the development of UV early-warning systems. 

3. Data and Methodology 

This section describes the dataset, preprocessing procedures, feature engineering strat-
egy, and forecasting framework employed for hourly ultraviolet index (UVI) prediction. The 
workflow includes data acquisition, missing-value treatment, lag-based feature selection, 
model development, hyperparameter optimization, and performance evaluation. Forecasting 
performance was assessed using traditional time-series (TTS), machine learning (ML), deep 
learning (DL), and residual-correction hybrid models under a unified experimental framework 
to ensure consistent comparison across climatic zones. 

 

Figure 1. Overall methodological framework of the proposed UVI forecasting system 

Figure 1 illustrates the complete methodological workflow adopted in this study. The 
framework consists of six main stages: data acquisition, preprocessing and missing-value im-
putation, lag-based feature engineering, model training and hyperparameter optimization, re-
sidual-correction hybrid forecasting, and performance evaluation. This structured pipeline 
enables a systematic comparison of standalone and hybrid forecasting approaches for one-
hour-ahead UVI prediction. 

3.1. Dataset 

Hourly UVI observations covering the period from 1 January 2018 (00:00) to 31 De-
cember 2023 (23:00) were obtained from the NASA POWER Data Access Viewer for three 
representative districts in Sri Lanka: Colombo (6.9271°N, 79.8612°E), Badulla (6.9934°N, 
81.0550°E), and Jaffna (9.6615°N, 80.0255°E). These districts were selected to represent the 
country's major climatic zones, namely the wet, intermediate, and dry zones, respectively. The 
dataset is derived from the CERES SYN1deg product, which provides satellite-based all-sky 
estimates of surface ultraviolet radiation. UVI values are calculated within the NASA 
POWER framework using standard conversion procedures based on surface ultraviolet irra-
diance measurements (W m⁻² × 40) [26]–[29]. Data were retrieved using the exact geographic 
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coordinates of each district and exported as comma-separated value (CSV) files for subse-
quent analysis. 

Because ultraviolet radiation is absent during nighttime hours, observations recorded 
between 18:00 and 05:00 consistently exhibited UVI values equal to zero and therefore pro-
vided limited predictive information. To focus the analysis on periods with meaningful solar 
exposure, only daylight observations between 06:00 and 17:00 were retained. After removing 
nighttime records, each district contained 26,292 hourly observations, which served as the 
basis for feature engineering, model training, and forecasting evaluation. 

3.2. Missing Value Imputation 

Missing observations in the NASA POWER dataset were originally encoded as −999 
and were handled using a structured district-specific imputation procedure. Because missing 
values can introduce bias into time-series forecasting models and distort temporal depend-
ency structures, an objective evaluation process was performed to identify the most appro-
priate imputation method for each district. 

 

 

 

Figure 2. Time-series plots of hourly UVI data with missing observations for Colombo, Badulla, and 
Jaffna 

Figure 2 illustrates the temporal distribution of missing observations across the three 
districts. To evaluate imputation performance, 5% of complete observations were randomly 
removed from continuous data segments following established validation procedures for 
time-series imputation studies [30], [31]. Several univariate imputation techniques were then 
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applied, including linear interpolation, forward filling, backward filling, Kalman filtering, pol-
ynomial interpolation (orders 2–5), and spline interpolation (orders 2–5). 

The resulting imputations were evaluated using RMSE, MSE, MAE, and R². The best-
performing method for each district was selected according to overall reconstruction accu-
racy. As summarized in Table 1, third-order polynomial interpolation produced the most ac-
curate results for Colombo, whereas second-order polynomial interpolation yielded the best 
performance for both Badulla and Jaffna. 

Table 1. Summary of missing values and selected imputation methods 

District 
Missing Values 

(%) 
Evaluation Subset Selected Imputation Method 

Colombo 0.0057 
15 Apr 2019 10:00 – 29 Aug 

2022 07:00 
Polynomial Interpolation (Order 3) 

Badulla 0.0076 
14 Nov 2019 09:00 – 05 Feb 

2022 09:00 
Polynomial Interpolation (Order 2) 

Jaffna 0.0399 
05 Jun 2020 10:00 – 14 May 2022 

10:00 
Polynomial Interpolation (Order 2) 

 
The relatively low proportion of missing observations across all districts indicates high 

overall data completeness. Nevertheless, performing a systematic imputation assessment was 
necessary to preserve temporal continuity and ensure reliable downstream forecasting perfor-
mance. 

3.3. Feature Selection Using Autocorrelation and Mutual Information Analysis 

Effective lag selection is critical for time-series forecasting because predictive perfor-
mance depends strongly on the ability of input features to capture temporal dependencies. 
To identify informative lag structures for one-hour-ahead UVI forecasting, a combination of 
autocorrelation analysis and mutual information (MI) analysis was employed. The autocorre-
lation function (ACF) was first used to identify dominant linear temporal dependencies within 
the hourly UVI series. Because UVI dynamics may also contain nonlinear relationships that 
cannot be fully captured by correlation-based measures, MI analysis was subsequently applied 
to lag values extending up to 72 hours (three days). While ACF measures linear dependence, 
MI quantifies both linear and nonlinear associations between lagged observations and the 
forecasting target, thereby providing a more comprehensive assessment of feature relevance. 

Candidate lag features were initially identified from the ACF and MI profiles, after which 
elbow points in the MI curves were used to refine the search space. A Random Forest model 
was then trained using progressively larger lag subsets, and forecasting errors were evaluated 
to determine the point at which additional lag variables no longer produced meaningful per-
formance improvements. This procedure was applied consistently across all districts to ensure 
a comparable feature engineering process. 

The results of both ACF and MI analyses revealed highly consistent temporal depend-
ency patterns across the three climatic zones. In particular, strong predictive information was 
observed for the immediately preceding hour (lag 1), neighboring hours around the same time 
on the previous day (lags 11, 12, and 13), and the same hour two and three days earlier (lags 
24 and 36). These lag structures reflect the strong diurnal and multi-day periodicity of solar 
radiation processes and indicate that hourly UVI dynamics are influenced by both short-term 
persistence and recurring daily cycles. The selected lag features were subsequently used as 
inputs for all forecasting models evaluated in this study. 

3.4. Time-Series Validation Framework 

To preserve temporal ordering and avoid information leakage, a time-series validation 
strategy was adopted throughout model development. The dataset was chronologically di-
vided into training (80%) and testing (20%) subsets, with the most recent observations re-
served for out-of-sample evaluation. Within the training set, hyperparameter optimization 
was performed using a five-fold TimeSeriesSplit cross-validation scheme (N_SPLITS = 5), 
ensuring that each training fold chronologically preceded its corresponding validation fold. 
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This validation strategy more closely reflects real-world forecasting conditions, where future 
observations are unavailable during model training.  

For ML and DL models, hyperparameter optimization was conducted using the Optuna 
framework with a Tree-structured Parzen Estimator (TPE) sampler. A total of 50 optimiza-
tion trials (N_TRIALS = 50) were performed for each model, with mean squared error (MSE) 
used as the optimization objective. To improve reproducibility, fixed random seeds were ap-
plied whenever supported by the underlying algorithms and software libraries. Following hy-
perparameter optimization, the final model was retrained using the complete training dataset 
and subsequently evaluated on the independent hold-out test set. This procedure provides an 
unbiased assessment of forecasting performance on unseen future observations. 

3.5. Forecasting Models 

The forecasting task considered in this study is one-hour-ahead UV index prediction, 
formulated as a univariate time-series regression problem. To ensure a fair comparison, all 
forecasting models were trained using the same lag-based feature representation derived from 
the feature engineering stage. The evaluated models span four methodological categories: tra-
ditional statistical time-series models, machine learning models, deep learning models, and 
residual-correction hybrid models. 

For ML and DL models, hyperparameter optimization was performed using Optuna and 
the validation framework described in Section 3.4. The corresponding hyperparameter search 
spaces are summarized in Table 2. The selected model portfolio was designed to represent 
different forecasting paradigms, ranging from linear statistical approaches to nonlinear en-
semble learning and neural-network-based architectures, thereby enabling a comprehensive 
evaluation of forecasting performance across distinct climatic zones.  

Table 2. Hyperparameter search spaces used for model optimization 

Model Hyperparameter Search Space 

RF 

n_estimators {50, 100, 150} 

max_depth {None, 10, 20} 

min_samples_split [2, 6] 

min_samples_leaf [1, 4] 

max_features {sqrt, log2} 

XGBoost 

n_estimators {50, 100, 150, 200} 

max_depth [3, 9] 

learning_rate [0.01, 0.3] (log scale) 

subsample [0.6, 1.0] 

min_child_weight [1, 5] 

FNN 

n_layers {1, 2} 

hidden_units_per_layer {32, 64, 96, 128} 

activation {ReLU, tanh} 

L2 regularization (α) [1×10⁻⁴, 1×10⁻²] (log scale) 

LSTM 

units {20, 40, 60, 80} 

dropout_rate [0.1, 0.4] 

learning_rate [1×10⁻⁴, 1×10⁻²] (log scale) 

batch_size {32, 64} 

epochs {20, 30, 40, 50} 

CNN 

filters {32, 64, 96} 

kernel_size [1, 3] 

learning_rate [1×10⁻⁴, 1×10⁻²] (log scale) 

batch_size {16, 32} 

epochs {10, 20, 30} 
 

The selected search ranges were chosen to balance optimization effectiveness and com-
putational feasibility while covering commonly used parameter values reported in previous 
forecasting studies. 
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3.5.1. Traditional Statistical Model 

An Autoregressive Integrated Moving Average (ARIMA) model was included as a sta-
tistical baseline for comparison. ARIMA is widely used for modeling linear temporal depend-
encies in time-series data and provides a useful reference against which more complex non-
linear forecasting approaches can be evaluated. The optimal model configuration (p, d, q) was 
automatically determined using the auto_arima procedure based on minimization of the 
Akaike Information Criterion (AIC). 

3.5.2. Machine Learning Models 

Two ensemble-based ML models were evaluated: Random Forest (RF) and Extreme 
Gradient Boosting (XGBoost). These algorithms were selected because of their ability to 
model nonlinear relationships, handle feature interactions effectively, and perform well in 
structured tabular forecasting problems. RF improves generalization through bootstrap ag-
gregation, whereas XGBoost employs gradient boosting and regularization mechanisms to 
iteratively reduce prediction errors. 

3.5.3. Deep Learning Models 

Three DL architectures were considered: Feedforward Neural Networks (FNN), Long 
Short-Term Memory (LSTM) networks, and one-dimensional Convolutional Neural Net-
works (CNNs). The FNN serves as a nonlinear regression baseline operating on lag-engi-
neered features. LSTM was included because of its capability to model temporal dependencies 
through gated memory mechanisms, while CNN was employed to capture local patterns and 
interactions among adjacent lag features. 

In this study, temporal information was represented through lag-based feature engineer-
ing rather than long sequential input windows. Consequently, the LSTM architecture operated 
on lag-engineered inputs with a timestep dimension of one, ensuring consistency across all 
forecasting models and enabling a controlled comparison of forecasting paradigms. Similarly, 
the CNN architecture was designed to learn localized relationships among neighboring lag 
features, which are known to play an important role in short-term UVI dynamics. 

4. Exploratory Data Analysis 

This section presents an exploratory data analysis (EDA) of the ultraviolet index (UVI) 
series to characterize temporal variability, seasonal behavior, and regional exposure patterns 
prior to model development. Understanding these characteristics is important for selecting 
appropriate forecasting features and interpreting model performance across different climatic 
zones. Time-series visualizations were therefore examined to identify recurring patterns, long-
term trends, and periods associated with elevated UV exposure. 

4.1. Temporal Variations in Daily Average UVI 

Figure 3 illustrates the seasonal variation in daily average UVI across the three study 
districts. A clear and recurring annual pattern can be observed in all locations, with higher 
UVI values generally occurring during the early months of the year, followed by a relatively 
stable period and a gradual decline toward the end of the year. Despite differences in climatic 
conditions among the districts, the overall temporal behavior remains broadly consistent, re-
flecting the strong influence of seasonal solar radiation cycles on surface UV exposure. 

A notable observation is the consistently elevated UVI levels recorded during 2023 com-
pared with previous years. This pattern is evident across all districts and throughout much of 
the annual cycle, suggesting a recent increase in UV exposure intensity. The persistence of 
this pattern across geographically distinct climatic zones indicates that the observed increase 
is unlikely to be driven solely by local variability and may warrant further investigation in 
future climatological studies. 

4.2. Temporal Variations in Monthly Average UVI 

The monthly aggregation of UVI values provides further evidence of increasing UV ex-
posure over the study period. As shown in Figure 4, the monthly average UVI recorded dur-
ing 2023 remained consistently higher than corresponding monthly values observed in previ-
ous years. This pattern is visible across multiple months rather than being restricted to isolated 
peak periods, suggesting a broader upward shift in UVI intensity. 
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The observed increase in monthly average UVI is consistent with the daily-scale patterns 
discussed in the previous subsection. Although the present study focuses on forecasting ra-
ther than climatological attribution, these findings highlight the importance of continuous 
UV monitoring and reinforce the need for reliable forecasting systems capable of supporting 
public health risk communication and adaptive mitigation strategies. 

 

 

 

Figure 3. Seasonal plots of daily average UVI for Colombo, Badulla, and Jaffna 

4.3. Regional Exposure Patterns of UVI Risk Levels 

The World Health Organization (WHO) and the World Meteorological Organization 
(WMO) classify UVI exposure into five risk categories: Low (0–2), Moderate (3–5), High (6–
7), Very High (8–10), and Extreme (≥11) [9], [17], [32], [33]. These categories provide a stand-
ardized framework for assessing potential health risks associated with UV exposure and are 
widely used in public health communication.  
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Figure 4. Seasonal plots of monthly average UVI for Colombo, Badulla, and Jaffna 

 

Figure 5. Proportion of high-risk UVI levels across districts 
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Figure 5 summarizes the distribution of high-risk UVI categories across the three dis-
tricts. Among the study locations, Badulla recorded the highest combined proportion of High, 
Very High, and Extreme UVI conditions, accounting for 25.4% of all observations. Colombo 
and Jaffna also exhibited substantial exposure levels, with corresponding proportions of 
24.3% and 24.1%, respectively. Although the differences among districts are relatively mod-
est, the results indicate that elevated UV exposure is a common characteristic across all cli-
matic zones considered in this study. These findings demonstrate that populations in all three 
regions are regularly exposed to potentially harmful UV conditions. Consequently, accurate 
short-term UVI forecasting may provide valuable support for UV early-warning systems, 
public health advisories, and risk mitigation efforts aimed at reducing exposure-related health 
impacts. 

5. Experiments and Results 

This section presents the forecasting performance of the evaluated models across the 
three climatic zones. The results are organized into three stages: (i) benchmarking using a 
traditional statistical model, (ii) evaluation of standalone ML and DL models, and (iii) assess-
ment of different lag-window strategies for capturing short-, medium-, and long-term tem-
poral dependencies. 

5.1. Benchmarking with Traditional Time-Series Models 

The Autoregressive Integrated Moving Average (ARIMA) model was employed as the 
traditional statistical benchmark for one-hour-ahead UVI forecasting. Model configurations 
were automatically selected using the auto_arima procedure based on minimization of the 
Akaike Information Criterion (AIC). Table 3 summarizes the performance of the optimized 
ARIMA models across the three districts. 

Table 3. Performance of ARIMA models across climatic zones 

District Model RMSE MSE MAE 

Colombo ARIMA(5,0,4) 3.9644 15.7164 2.1418 

Badulla ARIMA(4,0,2) 3.1761 10.0879 2.6542 

Jaffna ARIMA(4,0,5) 3.1307 9.8010 2.5895 

 
The ARIMA models exhibited substantially larger prediction errors than the ML and DL 

models evaluated subsequently, indicating limited capability in capturing the nonlinear and 
recurring temporal patterns present in hourly UVI data. These results highlight the need for 
more flexible forecasting approaches capable of modelling complex dependencies beyond 
linear autoregressive relationships. 

5.2. Performance of Standalone Forecasting Models 

Building upon the lag structures identified through autocorrelation and mutual infor-
mation analyses, several standalone forecasting models were evaluated, including Random 
Forest (RF), XGBoost, Feedforward Neural Networks (FNN), Long Short-Term Memory 
(LSTM), and one-dimensional Convolutional Neural Networks (CNN). All models were 
trained and evaluated using the validation framework described in Section 3. 

Table 4 shows that all ML and DL models substantially outperformed the ARIMA 
benchmark across the three districts. For Colombo, the CNN model achieved the best overall 
performance with an RMSE of 0.4519 and an R² of 0.9845. In contrast, FNN produced the 
strongest results in both Badulla and Jaffna, achieving RMSE values of 0.4868 and 0.4868, 
respectively, together with the highest coefficients of determination (R² = 0.9801). 

Ensemble learning models, particularly RF and XGBoost, consistently delivered com-
petitive performance across all climatic zones, demonstrating their ability to capture nonlinear 
relationships within the lag-engineered feature space. Although LSTM is specifically designed 
for temporal modelling, its performance was generally inferior to FNN and CNN in this 
study. This outcome suggests that, when temporal information is explicitly encoded through 
lag-based feature engineering, simpler neural architectures may be sufficient to model short-
term UVI dynamics effectively. 
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Table 4. Performance of ML and DL models using the fixed-lag feature set 

Model MSE RMSE MAE R² 

Colombo 

Random Forest 0.2244 0.4737 0.2579 0.9830 

XGBoost 0.2234 0.4726 0.2652 0.9831 

FNN 0.2114 0.4598 0.2560 0.9840 

LSTM 0.2409 0.4908 0.2898 0.9817 

CNN (1-D) 0.2042 0.4519 0.2566 0.9845 

Badulla 

Random Forest 0.2779 0.5271 0.2853 0.9767 

XGBoost 0.2732 0.5226 0.2936 0.9771 

FNN 0.2370 0.4868 0.2765 0.9801 

LSTM 0.3247 0.5698 0.3657 0.9728 

CNN (1-D) 0.2559 0.5058 0.3121 0.9785 

Jaffna 

Random Forest 0.2779 0.5271 0.2853 0.9767 

XGBoost 0.2732 0.5226 0.2936 0.9771 

FNN 0.2370 0.4868 0.2765 0.9801 

LSTM 0.2685 0.5182 0.3163 0.9775 

CNN (1-D) 0.2652 0.5150 0.3072 0.9778 

5.3. Impact of Lag-Window Length on Forecasting Performance 

To investigate the influence of temporal context on forecasting accuracy, additional ex-
periments were conducted using progressively larger lag windows representing short-term (12 
lags), medium-term (24 lags), and long-term (36 lags) dependencies. These lag windows ap-
proximately correspond to one, two, and three days of historical observations, respectively. 

The results presented in Table 5 indicate that forecasting performance is sensitive to the 
amount of temporal information included in the input feature set. Across the three districts, 
medium- and long-term lag windows generally produced lower prediction errors than the 
shorter 12-lag configuration, indicating that UVI forecasting benefits from incorporating in-
formation beyond the immediately preceding day. 

For Colombo, the best performance was achieved by the CNN model using the 36-lag 
configuration (RMSE = 0.4107, R² = 0.9872). In contrast, FNN achieved the highest accuracy 
in both Badulla and Jaffna under the 36-lag setting, with RMSE values of 0.4387 and 0.4387, 
respectively, and R² values approaching 0.984. These findings are consistent with the lag-
selection analysis presented in Section 3.3, which identified recurring dependencies associated 
with daily and multi-day solar radiation cycles. 

A comparison between Tables 4 and 5 further demonstrates that the varying-lag strategy 
consistently improved forecasting accuracy relative to the fixed-lag approach. This observa-
tion suggests that incorporating broader temporal contexts enables the models to better cap-
ture periodic and persistent patterns in UVI dynamics, thereby enhancing predictive perfor-
mance across different climatic zones. 

5.4. Optimal Standalone Model Selection 

The forecasting results presented in Table 5 indicate that the optimal standalone model 
varied across the three climatic zones, reflecting differences in local UVI dynamics and tem-
poral dependency structures. Following hyperparameter optimization using Optuna and 
TimeSeriesSplit cross-validation, the best-performing model for each district was selected 
based on forecasting accuracy on the independent test set. The CNN model achieved the best 
performance for Colombo, whereas the FNN model emerged as the optimal predictor for 
both Badulla and Jaffna. Notably, all selected models were associated with the 36-lag config-
uration, suggesting that information from multiple preceding days consistently improved 
forecasting performance and highlighting the importance of medium- and long-term tem-
poral dependencies in hourly UVI prediction. The optimized hyperparameter configurations 
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reported in Table 6 were subsequently used as the forecasting models in the hybrid residual-
correction framework described in the following section. 

Table 5. Forecasting performance using different lag-window configurations 

District Window 𝑵𝑳𝒂𝒈𝒔 Model MSE RMSE MAE R² 

Colombo 

Short-term - 

One Day (12 

lags) 

12 RF 0.183513 0.428384 0.239184 0.986081 

12 XGB 0.185133 0.430271 0.246514 0.985958 

12 FNN 0.175221 0.418594 0.251408 0.986710 

12 LSTM 0.208101 0.456180 0.295365 0.984216 

12 CNN 0.197829 0.444779 0.269871 0.984995 

Medium-

term - Two 

Day (24 

lags) 

24 RF 0.209284 0.457475 0.254811 0.984127 

24 XGB 0.186309 0.431635 0.243076 0.985869 

24 FNN 0.169546 0.411759 0.238763 0.987141 

24 LSTM 0.187634 0.433167 0.275289 0.985769 

24 CNN 0.169668 0.411908 0.235663 0.987131 

Long-term - 

Three Day 

(36 lags) 

36 RF 0.223180 0.472420 0.260395 0.983077 

36 XGB 0.186064 0.431351 0.242311 0.985892 

36 FNN 0.171764 0.414445 0.246994 0.986976 

36 LSTM 0.187551 0.433071 0.272055 0.985779 

36 CNN 0.168677 0.410703 0.230897 0.987210 

Badulla 

Short-term - 

One Day (12 

lags) 

12 RF 0.215237 0.463936 0.260853 0.981941 

12 XGB 0.210603 0.458915 0.262032 0.982330 

12 FNN 0.195593 0.442259 0.260848 0.983589 

12 LSTM 0.215326 0.464033 0.294356 0.981933 

12 CNN 0.196666 0.443470 0.257653 0.983499 

Medium-

term - Two 

Day (24 

lags) 

24 RF 0.236748 0.486567 0.273748 0.980137 

24 XGB 0.214459 0.463097 0.260429 0.982007 

24 FNN 0.197345 0.444235 0.269845 0.983443 

24 LSTM 0.221745 0.470899 0.297127 0.981396 

24 CNN 0.196579 0.443373 0.261764 0.983507 

Long-term - 

Three Day 

(36 lags) 

36 RF 0.245633 0.495614 0.279034 0.979398 

36 XGB 0.214446 0.463084 0.263100 0.982014 

36 FNN 0.192443 0.438684 0.262663 0.983859 

36 LSTM 0.228093 0.477591 0.306606 0.980869 

36 CNN 0.212737 0.461235 0.280405 0.982157 

Jaffna 

Short-term - 

One Day (12 

lags) 

12 RF 0.2152 0.4639 0.2609 0.9819 

12 XGB 0.2106 0.4589 0.2620 0.9823 

12 FNN 0.1956 0.4423 0.2608 0.9836 

12 LSTM 0.2153 0.4640 0.2944 0.9819 

12 CNN 0.1967 0.4435 0.2577 0.9835 

Medium-

term - Two 

Day (24 

lags) 

24 RF 0.2367 0.4866 0.2737 0.9801 

24 XGB 0.2145 0.4631 0.2604 0.9820 

24 FNN 0.1973 0.4442 0.2698 0.9834 

24 LSTM 0.2217 0.4709 0.2971 0.9814 

24 CNN 0.1966 0.4434 0.2618 0.9835 

Long-term - 

Three Day 

(36 lags) 

36 RF 0.2456 0.4956 0.2790 0.9794 

36 XGB 0.2144 0.4631 0.2631 0.9820 

36 FNN 0.1924 0.4387 0.2627 0.9839 

36 LSTM 0.2281 0.4776 0.3066 0.9809 

36 CNN 0.2127 0.4612 0.2804 0.9822 
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Table 6. Optimal standalone models and hyperparameter configurations for each District 

District Optimal Model Best Parameters 

Colombo CNN 
Long-term - Three Day (36 lags) {'filters': 32, 'kernel_size': 3, 

'lr': 0.0015930522616241021, 'batch_size': 16, 'epochs': 30} 

Jaffna FNN 
Long-term - Three Day (36 lags) {'n_layers': 1, 'units_l0': 96, 

'activation': 'relu', 'alpha': 0.00869299151113955} 

Badulla FNN 
Long-term - Three Day (36 lags) {'n_layers': 1, 'units_l0': 64, 

'activation': 'relu', 'alpha': 0.0003823475224675188} 

5.5. Hybrid Forecasting Performance 

To further improve forecasting accuracy, a residual-correction hybrid framework was 
developed using the best standalone models identified in Section 5.4. In this framework, the 
selected standalone model first generates the primary UVI forecast. The residual errors pro-
duced by the primary model are then treated as a secondary prediction target and modeled 
using an additional machine learning algorithm. The final forecast is obtained by combining 
the primary prediction with the estimated residual correction. This strategy enables the hybrid 
model to capture systematic patterns that remain unexplained by the primary forecasting 
model and has been successfully applied in various environmental forecasting applications 
[34]–[37].  For each district, two residual-correction strategies were evaluated using Random 
Forest (RF) and Extreme Gradient Boosting (XGBoost), respectively. The standalone model 
is included as a reference baseline to quantify the contribution of the residual-correction stage. 
The resulting forecasting performance is summarized in Table 7. 

Table 7. Hybrid model performance across climatic zones 

District Primary Model 
Residual Correction 

Model 
MSE RMSE MAE R² 

Colombo CNN – 0.1687 0.4107 0.2309 0.9872 

Colombo CNN RF 0.1573 0.3967 0.2163 0.9881 

Colombo CNN XGBoost 0.1592 0.3990 0.2257 0.9879 

Badulla FNN – 0.1924 0.4387 0.2627 0.9839 

Badulla FNN RF 0.1819 0.4265 0.2453 0.9847 

Badulla FNN XGBoost 0.1882 0.4338 0.2557 0.9842 

Jaffna FNN – 0.1924 0.4387 0.2627 0.9839 

Jaffna FNN RF 0.1841 0.4291 0.2518 0.9844 

Jaffna FNN XGBoost 0.1862 0.4315 0.2614 0.9838 

The optimal hyperparameter configurations of the primary and residual-correction models are reported 
in Table 6. 

 

The results indicate that residual-correction hybridization consistently improved fore-
casting performance relative to the corresponding standalone models. For Colombo, the 
CNN-RF hybrid achieved the best overall performance, reducing the RMSE from 0.4107 to 
0.3967 and increasing the coefficient of determination from 0.9872 to 0.9881. Similar im-
provements were observed in Badulla and Jaffna, where the FNN-RF hybrid models pro-
duced the lowest forecasting errors among all evaluated configurations. 

An important observation is that RF-based residual correction consistently outper-
formed XGBoost-based residual correction across all climatic zones. This finding suggests 
that Random Forest was more effective in capturing the remaining nonlinear structures em-
bedded within the residual series generated by the primary forecasting models. Overall, the 
results demonstrate that residual-correction hybridization provides a consistent and measur-
able improvement in forecasting accuracy beyond that achieved by standalone ML and DL 
models. 

5.6. Diebold–Mariano Statistical Comparison 

Although the hybrid models generally produced similar performance levels, formal sta-
tistical testing was conducted to determine whether the observed differences in forecasting 
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accuracy were statistically significant. Pairwise comparisons were performed using the 
Diebold–Mariano (DM) test [38], with squared-error loss and a one-step-ahead forecasting 
horizon (h = 1). Statistical significance was evaluated at α = 0.05. 

Table 8. Diebold–Mariano test results (p-values) 

District Model Comparison p-value Decision (α = 0.05) Better Model 

Colombo CNN-RF vs CNN-XGB 0.0248 Reject H₀ CNN-RF 

Badulla FNN-RF vs FNN-XGB < 0.001 Reject H₀ FNN-RF 

Jaffna FNN-RF vs FNN-XGB < 0.001 Reject H₀ FNN-RF 

 
The DM test results indicate that the best-performing RF-based hybrid models were 

statistically superior to their corresponding XGBoost-based alternatives in all three districts. 
For Colombo, the comparison between CNN-RF and CNN-XGB yielded a statistically sig-
nificant result (p = 0.0248), indicating that CNN-RF provided superior predictive accuracy. 
Similar conclusions were obtained for Badulla and Jaffna, where FNN-RF significantly out-
performed FNN-XGB (p < 0.001).  

These findings strengthen the conclusions drawn from the error metrics presented in 
Table 7 by demonstrating that the observed performance improvements are not merely nu-
merical differences but are statistically significant. Consequently, CNN-RF was selected as 
the final forecasting model for Colombo, while FNN-RF was selected for both Badulla and 
Jaffna. 

 

Figure 6. Actual and Predicted UVI Values Generated by the CNN-RF Hybrid Model for Colombo 

 

Figure 7. Actual and Predicted UVI Values Generated by the FNN-RF Hybrid Model for Badulla 
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Figure 6 shows that the CNN-RF model successfully captures the temporal variability 
of the observed UVI series, with predicted values closely following the actual observations 
across the evaluation period. The results for Badulla (Figure 7) further demonstrate the ability 
of the hybrid framework to reproduce both short-term fluctuations and broader temporal 
trends in hourly UVI observations. 

 

Figure 8. Actual and Predicted UVI Values Generated by the FNN-RF Hybrid Model for Jaffna 

A similar pattern is observed for Jaffna, where the FNN-RF model closely tracks the 
observed UVI dynamics and maintains low prediction errors throughout the testing period. 

6. Discussion 

This study evaluated traditional statistical, machine learning, deep learning, and residual-
correction hybrid approaches for one-hour-ahead UVI forecasting across three climatically 
distinct regions of Sri Lanka. The results consistently demonstrate that nonlinear forecasting 
models are better suited for capturing the complex temporal behavior of UVI than conven-
tional linear time-series approaches. More importantly, the improvements achieved through 
residual-correction hybridization indicate that meaningful predictive information remains em-
bedded within forecast residuals even after standalone model optimization. These findings 
highlight the value of combining complementary forecasting paradigms to improve short-
term environmental prediction. 

Another important outcome of this study is the comparison between fixed-lag and var-
ying-lag feature engineering strategies. While the fixed-lag approach provides a standardized 
representation that facilitates direct comparison across climatic zones, the varying-lag ap-
proach allows the input structure to adapt to local temporal dependencies. The superior per-
formance achieved by longer lag windows suggests that UVI dynamics are influenced not 
only by recent observations but also by recurring daily and multi-day patterns associated with 
solar radiation processes. Consequently, incorporating broader temporal context appears to 
be an important factor in improving forecasting accuracy across different climatic conditions. 

6.1. Performance of Traditional Statistical Models 

The ARIMA benchmark exhibited substantially lower forecasting performance than the 
ML and DL models across all districts. This outcome is consistent with the well-established 
limitations of linear statistical models when applied to environmental time series characterized 
by strong nonlinearity, periodicity, and rapidly changing dynamics [4], [39]. Although ARIMA 
can effectively capture short-term linear dependencies, its underlying assumptions make it 
less capable of representing the complex interactions that govern hourly UVI variability. 

The observed limitations are likely related to the pronounced diurnal cycle of solar radi-
ation and the influence of local atmospheric processes, which introduce nonlinear relation-
ships that cannot be adequately modeled through linear autoregressive and moving-average 
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components alone [4], [36]. Similar findings have been reported in solar radiation and envi-
ronmental forecasting studies, where traditional statistical approaches generally serve as useful 
baseline references but are often outperformed by nonlinear learning algorithms [13], [22]. It 
should be noted that this study only considered conventional ARIMA models as statistical 
benchmarks. More advanced seasonal formulations, such as SARIMA, may offer additional 
capability for capturing recurring temporal patterns and should be considered in future re-
search. Evaluating such models would provide a more comprehensive assessment of statisti-
cal forecasting approaches for UVI prediction. 

6.2. Performance of Machine Learning and Deep Learning Models 

The superior performance of ML and DL models confirms the importance of nonlinear 
modeling for short-term UVI forecasting. However, forecasting performance was not uni-
form across climatic zones, suggesting that the effectiveness of a particular architecture de-
pends on local environmental variability and the underlying structure of the UVI series. For 
Colombo, the CNN architecture achieved the strongest standalone performance. One possi-
ble explanation is that the wet-zone climate is characterized by greater atmospheric variability 
and more frequent cloud-related fluctuations, creating localized temporal patterns that can be 
effectively captured by convolutional filters. Previous studies in solar irradiance forecasting 
have similarly shown that CNN-based architectures are particularly effective in environments 
where short-term variability plays an important role in shaping temporal dynamics [22], [40]. 

In contrast, FNN models produced the best standalone results in both Badulla and 
Jaffna. Compared with Colombo, these regions generally exhibit more stable solar radiation 
conditions and lower short-term variability, allowing simpler feedforward architectures to 
capture the dominant temporal relationships without requiring more sophisticated feature 
extraction mechanisms [13], [17]. Taken together, these findings suggest that the suitability of 
a forecasting architecture is influenced not only by model complexity but also by the charac-
teristics of the underlying climatic environment. 

6.3. Implications of Lag-Window Selection 

The lag-window analysis revealed that forecasting performance generally improved as 
longer temporal histories were incorporated into the input feature set. This finding supports 
the hypothesis that UVI dynamics contain information extending beyond the most recent 
observations and that effective forecasting requires consideration of recurring temporal struc-
tures. The feature selection analysis consistently identified lag 1, lags 11–13, lag 24, and lag 36 
as highly informative predictors across all districts. These lag positions correspond closely to 
recurring daily and multi-day solar radiation cycles, indicating that hourly UVI behavior is 
strongly influenced by periodic temporal patterns [7], [8]. The consistency of this lag structure 
across wet, intermediate, and dry climatic zones suggests that certain temporal dependencies 
remain stable despite regional climatic differences. 

From a practical perspective, these results emphasize the importance of feature engi-
neering in environmental forecasting applications. Rather than relying exclusively on recent 
observations, incorporating temporally meaningful lag structures can substantially improve 
predictive performance while maintaining relatively simple model architectures. This finding 
may be particularly valuable for data-sparse regions where forecasting systems must be devel-
oped using limited input variables. 

6.4. Implications of the Residual-Correction Hybrid Framework 

One of the most important findings of this study is the consistent improvement achieved 
through residual-correction hybridization. By treating the prediction errors of the best-per-
forming standalone model as a secondary forecasting target, the hybrid framework is able to 
capture structured information that remains unexplained after the initial prediction stage. Sim-
ilar error-correction strategies have been successfully applied in other environmental fore-
casting domains, including photovoltaic power forecasting and solar radiation prediction [23], 
[34]–[36]. 

The observed improvements across all climatic zones suggest that standalone models, 
despite their strong predictive performance, do not fully exploit all information contained 
within the UVI time series. Residual modeling therefore provides an additional learning stage 
capable of extracting predictive signals that remain embedded in forecast errors. This finding 
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supports the broader view that combining complementary forecasting models can improve 
predictive performance beyond what is achievable using a single forecasting architecture 
alone. 

An additional observation is the consistent superiority of RF-based residual correction 
over XGBoost-based residual correction. A plausible explanation is that the ensemble aver-
aging mechanism of Random Forest is particularly effective at modeling low-amplitude resid-
ual patterns while maintaining robustness against overfitting [37], [41]. In contrast, boosting-
based approaches iteratively focus on correcting previous errors, which may offer less ad-
vantage when the residual series already contains relatively small and irregular prediction er-
rors. Although further investigation is required to confirm the underlying mechanisms, the 
results indicate that Random Forest constitutes an effective residual-learning component for 
short-term UVI forecasting. 

6.5. Statistical Validation and Model Robustness 

The Diebold–Mariano test provided additional evidence that the forecasting improve-
ments achieved by the selected hybrid models were statistically meaningful rather than arising 
from random variation [39]. The rejection of the null hypothesis of equal predictive accuracy 
across all districts indicates that the performance differences observed among the competing 
hybrid models are unlikely to be attributable to chance alone. Consequently, the statistical 
analysis reinforces the reliability of the selected CNN-RF and FNN-RF forecasting frame-
works. 

The use of statistical significance testing is particularly important in forecasting studies 
because small numerical differences in error metrics do not necessarily imply meaningful per-
formance improvements. By complementing conventional error measures with formal hy-
pothesis testing, the study provides stronger evidence regarding the comparative effectiveness 
of the evaluated forecasting strategies. Similar applications of the Diebold–Mariano test have 
become increasingly common in environmental and atmospheric forecasting research [37], 
[38], [42]. 

It should be noted that model evaluation was ultimately performed using an independent 
hold-out test set, while TimeSeriesSplit cross-validation was employed during hyperparameter 
optimization. Although this approach reflects realistic forecasting conditions and minimizes 
information leakage, future studies may further strengthen robustness assessments through 
rolling-origin evaluation or nested time-series cross-validation frameworks. 

6.6. Climatic-Zone-Specific Forecasting Behavior 

The results also reveal meaningful differences in forecasting behavior across Sri Lanka's 
climatic zones. Colombo, representing the wet zone, exhibited slightly greater forecasting dif-
ficulty during the standalone modeling stage. One possible explanation is the higher atmos-
pheric variability associated with cloud formation and humidity in coastal tropical environ-
ments, which can introduce additional short-term fluctuations in surface UV radiation [26], 
[33]. Such variability may reduce the predictability of UVI when forecasts are based solely on 
historical observations. 

Badulla and Jaffna exhibited different forecasting characteristics despite achieving com-
parable overall performance. The relatively strong results obtained in Badulla may be associ-
ated with more stable temporal patterns arising from its intermediate climatic conditions. In 
contrast, forecasting performance in Jaffna suggests that factors beyond simple cloud varia-
bility may contribute to local UVI dynamics [27], [43]. Previous studies have reported that 
aerosol loading, marine influences, and other atmospheric processes can affect UV transmis-
sion in coastal environments, potentially introducing variability that is difficult to infer solely 
from historical UVI values [27], [43]. These findings highlight that forecasting performance 
is influenced not only by model architecture but also by the environmental characteristics of 
the target region. Consequently, forecasting frameworks that perform optimally in one cli-
matic setting may not necessarily represent the best solution for another, even within the 
same country. 

6.7. UVI Trends and Public Health Implications 

The exploratory analysis revealed consistently elevated UVI levels during 2023 relative 
to previous years across all three districts. Although the present study does not attempt to 



Journal of Future Artificial Intelligence and Technologies 2026 (September), vol. 3, no. 2, Kudagama, et al. 254 
 

 

attribute the causes of this increase, the observed pattern is broadly consistent with reports 
indicating that surface UV radiation can be influenced by changes in cloud cover, aerosol 
concentrations, and atmospheric composition [28], [40], [43]. 

From a practical perspective, the prevalence of high and very high UVI conditions across 
all climatic zones underscores the importance of continuous monitoring and reliable short-
term forecasting. Accurate UVI forecasts can support early-warning systems, improve public 
awareness of harmful UV exposure, and assist individuals and public health agencies in im-
plementing preventive measures [4]–[6], [9], [35], [36]. 

More broadly, the results demonstrate the potential of data-driven forecasting ap-
proaches to support environmental risk management in tropical regions where ground-based 
monitoring infrastructure may be limited. By providing accurate short-term predictions using 
publicly available satellite-derived observations, the proposed framework offers a practical 
pathway toward operational UVI forecasting and climate-adaptation planning in data-sparse 
environments. 

7. Conclusions 

This study developed and evaluated a residual-correction hybrid framework for one-
hour-ahead UVI forecasting across three climatically distinct regions of Sri Lanka using hourly 
NASA Power observations. The proposed framework systematically compared traditional 
statistical, machine learning, deep learning, and hybrid forecasting approaches under a con-
sistent experimental setting. The results demonstrate that nonlinear learning-based methods 
substantially outperform conventional statistical forecasting models for hourly UVI predic-
tion. Across all climatic zones, hybrid residual-correction models consistently achieved the 
highest predictive accuracy, indicating that additional predictive information remained em-
bedded within the residual errors of the standalone models. The findings further highlight the 
importance of feature engineering, as forecasting performance improved when longer tem-
poral dependencies were incorporated into the input representation. 

Beyond predictive performance, this study provides evidence that residual-correction 
hybridization constitutes an effective strategy for environmental time-series forecasting in 
climatically heterogeneous regions. The results also suggest that optimal forecasting architec-
tures may vary across climatic zones, emphasizing the importance of considering local envi-
ronmental characteristics when designing forecasting systems. Because the framework relies 
exclusively on publicly available satellite-derived observations, it offers a practical solution for 
operational UVI forecasting in data-sparse tropical regions. Several limitations should be 
acknowledged. First, the study adopted a univariate forecasting framework based solely on 
historical UVI observations. Second, model evaluation was performed using a single hold-out 
test period, although time-series cross-validation was employed during hyperparameter opti-
mization. Third, only one-hour-ahead forecasting was considered, and seasonal statistical 
benchmarks such as SARIMA were not evaluated. 

Future research should investigate multivariate forecasting frameworks incorporating 
meteorological and atmospheric variables, including cloud optical depth, total column ozone, 
aerosol optical depth, and temperature. Additional work should also explore multi-step fore-
casting horizons, more advanced statistical benchmarks, explainable artificial intelligence 
techniques, and real-time deployment scenarios to further support public health decision-
making and UV early-warning systems. 
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