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Abstract: In this study, Surface solar radiation downward (SSRD) estimation and occupational radiation monitoring, both
important for environmental planning and radiation protection, are jointly evaluated despite often being assessed separately.
Monthly mean SSRD and meteorological variables for 37 stations (2010-2020) were obtained from the NASA Prediction of
Worldwide Energy Resources (POWER) database, while occupational annual effective dose records (2012-2016) were
obtained from Nigerian Nuclear Regulatory Authority (NNRA) monitoring reports. Random Forest (RF) regression was
applied and evaluated against linear regression (LR) using stratified train-test splitting and five-fold cross-validation to
analyze the spatial and temporal variability of SSRD across Nigeria’s major climatic zones and assess the annual effective
dose for regulated worker categories using a machine-learning modeling approach. SSRD showed spatial variability of higher
mean in the Sahel (6.5 + 0.74 kWh m day*), moderate mean in the Savannah (5.8 + 0.68 kwh m2 day), and lower mean
values along the Guinea Coast (5.2 + 0.62 kWh m-2 day?). RF achieved an improved performance for SSRD (R2 = 0.761,
RMSE = 0.420 kWh m™2 day™!, MAE = 0.334 kWh m™ day™") relative to LR. Although annual effective doses were low
overall, higher mean doses were observed in Nuclear Medicine and Radiological Research. RF predictive modelling
outperformed LR, with a stronger dose prediction of R = 0.872. The findings suggest that predictive modeling may support
environmental radiation assessment and occupational dose monitoring by improving the understanding of spatial and
temporal variability in radiation-related conditions, especially in settings with limited observational data.
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1. Introduction in intricate manners.

Estimating SSRD remains challenging as solar radiation is
influenced by interacting meteorological variables that vary
across space and time. Conventional estimation approaches
have applied empirical equations, statistical models, and
satellite or reanalysis products, each offering useful
approximations under specific climatic conditions [14], [15],
[16]. However, model performance may vary where

Surface solar radiation downward (SSRD) is a measure of
incoming shortwave solar energy that reaches the Earth's
surface and is crucial for environmental and energy-related
processes[1] [2], [3] The variations in SSRD affect land-
atmosphere energy transfer, hydrological conditions,
agricultural yield, and the efficacy of solar energy systems,

rendering accurate estimation crucial for environmental
evaluation and energy strategizing [4], [5]. Although in
tropical regions, SSRD is influenced by the interplay of
atmospheric factors, notably cloud cover, humidity, and
seasonal circulation, which determine the quantity of solar
radiation reaching the surface [6], [7], [8]. Nigeria exhibits
significant climate variations that are expected to affect
SSRD variability spatially and temporally [9], [10]. The
southern Guinea Coast is marked by constant humidity and
cloudiness, the Savannah serves as a transitional climatic
zone, whilst the northern Sahel endures arid conditions and
diminished atmospheric moisture [11], [12], [13]. These
disparities provide significant gradients in solar radiation
availability, affecting agriculture, water balance, and solar
energy planning. The significant climatic heterogeneity
among places poses obstacles for consistent SSRD
prediction, especially where meteorological factors interact

atmospheric controls such as humidity, temperature, and
cloudiness interact in nonlinear ways, particularly across
regions with contrasting climatic regimes [17]. In a
geographical setting such as Nigeria, where climatic
gradients are pronounced, linear relationships may not fully
represent the complexity of SSRD variability [18], [19].
Machine learning approaches have increasingly been
explored to address these challenges by allowing flexible
representation of interacting predictors. Random Forest
(RF), an ensemble learning method, is often applied in
environmental prediction to accommodate nonlinear
relationships and variable interactions without strong
assumptions about data structure. In this context [20], Linear
regression (LR) was included as a benchmark model to
provide a transparent comparison and assess the
performance of the nonlinear modeling SSRD prediction
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under varying climatic conditions.

Occupational radiation monitoring, a component of radiation
protection practice, is particularly important for workers
involved in medical, industrial, agricultural, and research
applications of ionizing radiation [21], [22], [23].
Meanwhile, the annual effective dose is widely used as a
monitoring metric because it provides a standardized
measure of cumulative occupational exposure and supports
routine monitoring under regulatory frameworks [24], [25].
Although occupational doses are generally maintained
within recommended exposure limits, periodic assessment
remains important for identifying exposure patterns across
worker categories and time. While environmental solar
radiation and occupational ionizing radiation originate from
different physical sources, both involve variability across
space and time and require reliable approaches for
monitoring and prediction under uncertain conditions.
Predictive methods may therefore support environmental
characterization as well as occupational dose assessment to
identify patterns that are not easily captured through
conventional approaches alone [26]. Despite growing use of
predictive methods, national studies in Nigeria remain scarce
in climatic coverage and integration of environmental and
occupational radiation-related assessment perspectives.

This study, therefore, aimed to characterize SSRD variability
across Nigeria’s major climatic zones and assess
occupational annual effective dose across regulated worker
categories using RF regression. LR was included as a

benchmark model to evaluate differences in predictive
performance, while cross-validation was applied to assess
uncertainty in model stability. By combining SSRD
prediction with occupational radiation exposure analysis
within a common predictive framework, the study provides
a broader perspective on environmental and radiation-related
monitoring that may support assessment and planning in
settings with limited observational data.

2. Materials and methods

2.1 Study Area and Climatic Zoning

Nigeria spans several climatic conditions, ranging from
humid coastal environments in the south to semi-arid
conditions in the north. For this study, the country was
grouped into three major climatic zones: the Guinea Coast,
the Savannah, and the Sahel, as shown in Fig. 1. The Guinea
Coast is characterized by high humidity and rainfall, the
Savannah by alternating wet and dry seasons, and the Sahel
by relatively dry conditions [27]. Meteorological stations
were categorized based on these climatic zones to enhance
the regional comparison of solar radiation and environmental
variability throughout Nigeria. This zoning method aligns to
widely utilized climatic classifications in environmental and
meteorological research in West Africa. The climatic zone
variable was incorporated as a categorical predictor in the
modelling framework to address regional climatic variations
influencing surface solar radiation.
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Fig. 1: Map of Nigeria showing the three climatic zones and the stations from NASA Power data
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2.2 Data sources
2.2.1 Solar radiation and meteorological variables

SSRD and meteorological variables were obtained from the
NASA Prediction of Worldwide Energy Resources
(POWER) database for 37 stations across Nigeria between
2010 and 2020. Data were accessed through the NASA
POWER Access Viewer (https://power.larc.nasa.gov/data-
access-viewer/). To ensure consistency in temporal
comparison across stations and climatic zones, we extracted
monthly mean values for all variables. The variables

extracted included SSRD (kWh m? day?), 2m air
temperature (°C), relative humidity (%), cloudiness index
(dimensionless), and sunshine duration (h day). SSRD was
utilized as the prediction target in the models, while the
meteorological variables were used as predictors. Monthly
mean values and climatic zone statistics were derived from
the station records following quality screening procedures.
A summary of the variables, units, temporal coverage, and
derived fields is presented in Table 1.

Table 1: Data sources, variables, units, temporal coverage, and derived fields used in modeling.

Source | Variable Unit Temporal | Spatial Role in Study | Derived Fields
Coverage | Coverage
NASA | Surface Solar | kWh m™ | 2010-2020 | 37 stations- | Prediction Monthly mean;
POWER | Radiation Downward | day™ Nigeria target-SSRD | zone stats; IQR-
(SSRD) model screened series
2 m Air Temperature °C 2010-2020 | 37 stations- | Predictor- Monthly mean;
Nigeria SSRD model | IQR-screened
Relative Humidity % 2010-2020 | 37 stations- | Predictor- Monthly mean;
Nigeria SSRD model | IQR-screened
Cloudiness Index 2010-2020 | 37 stations- | Predictor- Monthly mean;
Nigeria SSRD model | IQR-screened
Sunshine Duration h day™! 2010-2020 | 37 stations- | Predictor- Monthly mean;
Nigeria SSRD model | IQR-screened
NNRA | Annual Occupational mSv y! 2012-2016 | National (8 | Prediction Group statistics;
Effective Dose occupational | target-dose time trend (J3)
groups) model
Occupational Group categorical | 2012-2016 | National (8 | Predictor- Label-encoded
occupational | dose model integer for RF
groups) model

2.2.2 Occupational annual effective dose

Annual occupational effective dose data were obtained from
the Nigerian Nuclear Regulatory Authority (NNRA) reports
for the period 2012-2016. The dataset included eight
occupational groups: industrial radiography, diagnostic
radiology, the general monitored workforce category,
radiotherapy, nuclear medicine, agricultural clinics,
radiological research, and general users. The Occupational
effective dose was used as the prediction target for the dose
model, while the occupational group was used as the
predictor. Occupational categories were encoded as integer
labels for the model implementation. Dose measurements
were derived from accredited personal dosimetry monitoring
systems routinely used for occupational radiation protection,
and annual effective dose records were compiled for
statistical analysis [28].

2.3 Preprocessing and quality assurance
2.3.1 Outlier Screening of Solar Variables

Monthly mean solar radiation and meteorological variables
were cleaned to identify outliers that could influence model
performance. Data quality assessment was performed using
the interquartile range (IQR) method. For a variable x, The

IQR was calculated as presented in Eq. 1:

IQR = Q3 — (4 @)

where Q; and Qs represent the first and third quartiles,
respectively.

Potential outliers were identified using Eg. 2 and Eq. 3:
x < Q; —1.5(QR) (2)
x> Q3+ 1.5(IQR) (3)

Outliers and missing observation rows were also removed
during data preparation, and only complete monthly records
were retained for analysis during data preprocessing to
minimize the influence of anomalous observations on model
fitting. Data normalization or scaling was not applied, as RF
models tend to be insensitive to differences in variable scale.

2.3.2 Occupational Dose Screening

Similarly, data cleaning was performed for annual
occupational effective dose records within the context of
internationally recommended occupational exposure limits,
where the annual effective dose limit for radiation workers
is commonly expressed as an average of 20 mSv y™! over
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defined periods to ensure consistency with occupational
radiation protection standards [29]. Dose records were
screened for inconsistencies, extreme values, and incomplete
entries before statistical analysis and model development.
Only verified annual records were included in the final
dataset.

2.4 Random Forest regression model

RF regression was applied to model SSRD and occupational
annual effective dose. RF is an ensemble learning method
that combines multiple decision trees trained on bootstrap
samples with random feature selection at each split to
improve prediction accuracy and reduce overfitting [30]. For
a predictor vector x, and the RF prediction is expressed in
Eq. 4 as:

Px) = 2 Xh_, Ty (x) @)

where B is the number of decision trees and T, (x) is the
prediction from the b" regression tree.

For the SSRD model, predictor variables included 2m air
temperature, relative humidity, cloudiness index, sunshine
duration, and climatic zone. Meanwhile, the climatic zone
was presented as a variable to account for regional climatic
differences across Nigeria, but for occupational dose
prediction, annual time and occupational group were used as
predictors. Linear regression (LR) was applied as a
benchmark for model performance, it was evaluated using
the same predictor variables. This comparison was included
to assess the performance of the nonlinear structure of RF in
improving prediction performance relative to a conventional
linear approach. The LR model is expressed in Eq. 5 as:

y=PFt X1 Bixit+e 5)

where y represents the predicted response variable, for
SSRD or occupational effective dose, S, is the intercept, f3;
represents the regression coefficients for predictor variables
x;, and ¢ is the error term.

The RF models were implemented in Python using the scikit-
learn library. Hyperparameters were selected and optimized
for the predictive performance and overfitting control. The
final model configuration included 100 trees (Nostimators =
100), a maximum tree depth of 10 (maxgepen = 10), a
minimum of five samples per leaf (minsumpies tear = 5).
and bootstrap sampling is enabled. A fixed random seed
(random_state = 42) was used to improve the
reproducibility of model training and evaluation.

2.5 Model Validation and Performance Metrics

Model performance was evaluated using a stratified train-
test split, where 70% of the data were used for training and
30% for testing. Stratification was applied to preserve
climatic zone representation for SSRD modeling and
occupational group representation for dose modeling [31].
Model robustness was assessed using five-fold cross-
validation. The prediction performance was evaluated using

the coefficient of determination (R?), root mean square error
(RMSE), and mean absolute error (MAE). The coefficient of
determination was calculated using Eq. 6, given as:

I O9)? ®)

RZ=1
N Gi-9)?

where y; represents observed values, ; predicted values, and
¥ the mean observed value.

The RMSE was calculated using Eq. 7, and the MAE in Eqg.
8 was presented as:

RMSE = [T, (v = 97 @

1 ~
MAE = N ?:1|3’i = ¥il (8)

were these metrics used to evaluate prediction accuracy and
model error in physical units. Additionally, the uncertainty
in model performance was evaluated through variability
among cross-validation folds and presented as mean *
standard deviation. Feature relevance was assessed using the
mean decrease in impurity approach employed in RF to
prioritize predictors based on their effectiveness in
minimizing prediction error. The mean values were
interpolated using spline interpolation to create continuous
spatial surfaces across Nigeria for the assessment of spatial
patterns in SSRD. Interpolation uncertainty was evaluated
qualitatively by analyzing spatial consistency with observed
station distributions and climatic zone configurations.

2.6 Statistical Group Comparisons

One-way analysis of variance (ANOVA) was applied to
examine the differences in SSRD among climatic zones and
occupational effective dose among occupational groups.
ANOVA was applied to determine whether group means
differed significantly and is expressed in Eq. 9 as:

__ between-group mean square (9)

within-group mean square

where larger F-values indicate stronger separation among
groups.

Furthermore, after the significant differences were detected,
the Tukey’s honestly significant difference (HSD) test was
applied for pairwise group comparisons and statistical
significance was evaluated at « = 0.05, and ANOVA results
were reported using the corresponding F-statistics and p-
values as presented in the Results and Discussion sections.

3. Results and Discussion

3.1 Temporal Variation of Surface Solar Radiation
Downward (SSRD) in Nigeria

The national monthly SSRD demonstrated a distinct and
consistent seasonal pattern from 2010 to 2020, characterized
by minimal interannual fluctuations, as shown in Fig. 2. The
monthly mean SSRD showed a general increase from the
beginning of the year and increased between April and June,
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and subsequently decreased in the following months.
However, monthly climatology revealed mean SSRD values
between approximately 5.0 and 6.5 kWh m? day?,
signifying persistent seasonal variability throughout the
study period. The temporal pattern illustrates seasonal
variations in atmospheric conditions throughout Nigeria.
The observed high SSRD values in the dry and early wet
seasons are likely associated with less cloud cover and

enhanced air transmissivity, resulting in increased solar
energy reaching the surface. Conversely, decreased SSRD
during moist months tends to correlate with heightened
humidity and cloud formation, especially in the southern
areas. Notwithstanding slight annual variations, the
overarching temporal trend remained consistent, suggesting
a continual seasonal impact on solar radiation availability
nationwide.

= National mean SSRD
Guinea Coast
savannah
--- Sahel

2010 2011 2012 2013 2014 2015

Monthly Climatological Mean (all years, all stations)

2016 2017 2018 2019 2020

Mean SSRD
(kWh m~* day~")
=

N
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Manth
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Fig. 2: National SSRD time series (2010-2020) with seasonal cycle shown by monthly climatology overlay.
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Fig. 3: Spatial interpolation/map of mean SSRD (kWh m™ day™!) with zone boundaries.

3.2 Spatial Distribution of Mean SSRD Across Climatic
Zones

The mean SSRD showed a clear spatial gradient across
Nigeria, increasing from the humid southern regions toward
the drier northern areas, as illustrated in Fig. 3. Lower values

were concentrated along the Guinea Coast, with mean SSRD
around 5.2 kWh m day?, while higher values occurred in
the Sahel, where mean SSRD approached 6.5 kWh m=2 day-
1. The Savannah displayed intermediate values of about 5.8
kWh m2 day?, reflecting its transitional climatic setting
between the humid south and semi-arid north. The observed
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pattern likely corresponds closely with climatic zoning and
supported by significant inter-zonal differences in SSRD
with (F (2,4881) = 2.8 x 103, p < 0.001)). The observed
higher solar radiation in northern regions may reflect lower
atmospheric moisture and reduced cloud cover, while the
comparatively lower values in the south are consistent with
persistent humidity and cloud formation. Although spline
interpolation provides a smooth, continuous surface, it
represents an approximation to the underlying field and may
reflect sampling density and station geometry.

3.3 Performance of Random Forest and Linear
Regression Models for SSRD Prediction

0.502 kWh m2 day®. The predicted versus observed
relationships further highlighted differences between both
models as illustrated in Fig. 4. RF predictions clustered more
closely around the 1:1 reference line in Fig. 4a, indicating
stronger agreement with observed SSRD values. In contrast,
the LR showed high dispersion and a wider spread of
prediction error in Fig. 4b. The improved RF performance
suggests that nonlinear interactions among meteorological
variables, including humidity, temperature, and cloudiness,
likely contributed to SSRD variability across Nigeria’s
climatic zones.

Table 2: Performance comparison of RF and LR models for
SSRD prediction.

The RF model showed improved predictive performance 3
compared with LR for SSRD estimation, as presented in E/IRodeI 5469 SE/SE g/léb(\)lg
Table 2. RF achieved an R? of 0.761, with a RMSE of 0.420 RF '7 1 '42 . 1
kWh m?2 day™ and a MAE of 0.334 kWh m2 day. In 0.76 0.420 0.33
comparison, LR achieved a lower predictive accuracy, with
an R? of 0.469, RMSE of 0.627 kwWh m day*, and MAE of
(a) (b)

=871 rRe=0.76 o 81 re=047 R S

> RMSE = 0.42 % RMSE = 0.63 e
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Fig. 4: Predicted versus observed SSRD for (a) RF and (b) LR models.
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Fig. 5: Residual diagnostics for SSRD prediction models: (a) RF histogram, (b) RF Q-Q plot, (c) LR histogram, and (d) LR

Q-Q plot.
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3.4 Residual Behavior and Model Reliability

Fig. 5 presents the residual diagnostics, which provided
additional insight into the reliability of the RF and LR
models for SSRD prediction. RF residuals in Fig. 5a were
observed to be more scarcely distributed around zero,
indicating lower prediction error and more stable
performance across observed SSRD values. In contrastto LR
in Fig. 5c¢, the residuals showed a wider spread, suggesting
greater variability in the prediction error and reduced
agreement with observations. The Q-Q plots further
illustrated that residuals from both models likely followed
the theoretical normal distribution reasonably well, although
minor departures were observed at the tails. These deviations
were more noticeable in the LR model in Fig. 5d, reflecting
larger residual extremes relative to RF in Fig. 5b. The
narrower RF residual distribution and closer alignment with
the reference line support the improved predictive
performance observed in Section 3.3. However, some
residual variability may remain in both models, indicating
that SSRD variability may also be influenced by atmospheric
or local factors not fully represented by the selected
predictors.

3.5 Influence of Meteorological Predictors on SSRD

RF feature importance showed climatic zone predictor of
SSRD, contributing 43.2% of the overall model importance,
followed by humidity with 27.2% and temperature (23.6%),
as presented in Fig. 6. Cloudiness index (3.8%) and sunshine
duration (2.2%) contributed comparatively less to model
prediction. This dominant influence of climatic zone
suggests that large-scale regional climate conditions shaped
SSRD variability across Nigeria. Humidity and temperature
also played important roles, likely reflecting their influence
on cloud development, atmospheric moisture, and seasonal
circulation patterns [32]. The LR model showed broadly
consistent relationships as presented in Table 3. Temperature
and climatic zone were positively associated with SSRD,
while humidity and cloudiness showed negative
associations, with statistically significant coefficients of p <
0.001. Sunshine duration was observed to be statistically
significant with p = 0.403, suggesting a weaker linear
contribution. The differences between RF importance and
LR coefficients suggest that nonlinear interactions among
climatic variables likely influenced SSRD variability.

Climatic zone

Humidity

Temperature

Cloudiness

Sunshine duration

0.0

T T
0.2 0.4

Feature importance

Fig. 6: Random Forest feature importance for SSRD predictors.
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Fig. 7: Partial dependence plots showing the effects of climatic zone, humidity, and temperature on SSRD prediction
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Table 3: Linear regression coefficients and statistical

significance for SSRD predictors
Predictor Coefficient p_value
Temperature 0.1766 0
Humidity -0.0130 0
Cloudiness -1.6946 0
Sunshine duration | -0.0160 0.403
Climatic zone 0.1060 0

3.6 Nonlinear Relationships Between Climatic Variables
and SSRD

Fig. 7 illustrates nonlinear relationships between specific
climatic variables and SSRD, demonstrating the efficacy of
RF in comparison to LR. Estimated SSRD showed
significant variation across climatic zones, which suggests
that regional climatic conditions influenced disparities in
solar radiation patterns. The response of climatic zones
further supports the importance ranking identified in Section
3.5, wherein zone classification appears to be the most
significant predictor. Humidity showed a progressive
nonlinear increment in predicted SSRD throughout the
observed spectrum, indicating that its effect was not entirely
captured by a straightforward linear correlation.
Temperature displayed a threshold pattern, characterized by
a pronounced increase in predicted SSRD around 28 °C,
achieved by a more gradual ascent at elevated temperatures.
These patterns suggest that climatic effects on SSRD were

(a)

2.0 1
F i
> >
> 1.5 A >
0 )
E ’ E
Q (]
3 1.0 4
o T
© ©
3 3
2012 2013 2014 2015 2016
Year

Diagnostic Radiology ~#- Radiological Research
~@~ General Users Radiotherapy

=@~ Industrial Radiography =@ Workforce Level

inconsistent across varying environmental conditions [32].
The observed nonlinear responses further substantiate the
enhanced predictive efficacy of RF, especially in contexts
where meteorological variables interact across Nigeria's
climatic regions.

3.7 Trends in Occupational Annual Effective Dose (2012-
2016)

The occupational annual effective dose varied across worker
categories between 2012 and 2016, with noticeable
differences in both magnitude and temporal pattern as shown
in Fig. 8. Nuclear Medicine and Radiological Research
consistently recorded the highest annual doses in Fig. 8a,
ranging between 1.8 and 2.1 mSv y!, whereas lower values
were observed in groups such as agricultural clinics and
diagnostic radiology. Although dose levels fluctuated
slightly over time, most occupational categories showed
relatively stable exposure patterns. Additionally, the national
mean annual dose showed a gradual increase from
approximately 0.92 mSv y*in 2012 to a peak near 1.12 mSv
y1in 2015, followed by a small decline in 2016. Significant
differences among occupational groups were observed in
Fig. 8b with (F (7,32) = 1.3 x 10?) and p < 0.001. Despite
inter-group variation, annual effective doses remained
substantially below the occupational exposure reference
level of 20 mSv y* [33], suggesting dose levels consistent
with routine occupational monitoring expectations.

(b)
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Fig. 8: Occupational annual effective dose trends by group and national mean (2012-2016) (a) mean annual dose by group,

(b) National overall trend.

Table 4: Descriptive statistics of occupational annual effective dose by occupational group

| Occupational Group || N || Mean (mSv y?) || SD || Min || Median || Max |
| Agricultural Clinics || 5 || 0.16 | 010 || 004 || 014 | 0.29 |
| Diagnostic Radiology || 5 || 0.59 || 0.10 || 0.48 || 0.60 || 0.74 |
| General Users | 5] 0.85 | 0.05 | 0.81 | 082 | 0.93 |
| Industrial Radiography || 5 || 0.75 || 0.21 || 0.44 || 0.74 || 0.99 |
| Nuclear Medicine || 5 || 1.79 | 031 128 | 180 | 211 |
| Radiological Research || 5 || 1.83 | 027 || 140 || 182 | 214 |
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| Occupational Group || N || Mean (mSv y) || SD || Min || Median || Max |
| Radiotherapy 5| 1.39 | 013|117 || 141 | 152 |
| Workforce Level | 5] 0.84 | 007|072 ]| 086 | 089 |
| Overall | 40]| 1.02 | 058 || 0.04 || 086 | 2.14 |
(@) (b)
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Fig. 9: Predicted versus observed occupational annual effective dose for (a) RF and (b) LR models.

The descriptive statistics of occupational annual effective dose
presented in Table 4 further show differences across
occupational groups. Higher mean annual doses were observed
in Radiological Research (1.83 mSv y!) and Nuclear Medicine
(1.79 mSv y1), while lower values occurred in Agricultural
Clinics (0.16 mSv y!) and Diagnostic Radiology (0.59 mSv y-
D). Intermediate dose levels were recorded for Radiotherapy
(1.39 mSv y1), General Users (0.85 mSv y1), Workforce Level
(0.84 mSv y?), and Industrial Radiography (0.75 mSv y?).
Despite these differences, the overall mean annual effective
dose remained low (1.02 mSv y?) relative to international
occupational exposure reference levels. The observed variation
across worker categories may reflect differences in work
procedures, source proximity, shielding conditions, and routine
exposure patterns. These findings suggest that occupational
category remains an important consideration in dose monitoring
and optimization of radiation protection practices.

3.8 Occupational Dose Prediction Performance

Fig. 9 shows RF improved predictive performance compared
with LR for occupational annual effective dose estimation. RF
achieved an R? of 0.87, with a root RMSE of 0.20 mSv and a
MAE of 0.14 mSv. In comparison, LR achieved a lower
predictive accuracy, with an R? of 0.39, RMSE of 0.43 mSv,
and MAE of 0.32 mSv. The predicted and observed
relationships further highlighted differences between the two
models as illustrated in Fig. 9. RF predictions aligned more
closely with the 1:1 reference line, indicating an agreement with

measured dose values, whereas LR showed greater dispersion,
especially at higher dose levels. The improved RF performance
suggests that occupational dose variability may involve
nonlinear interactions between occupational category and time.
However, the analysis was based on a five-year dataset and a
limited set of occupational groups, which may limit the
generalizability of the findings to other time periods or
occupations.

3.9 Model Robustness and Uncertainty Assessment

Five-fold cross-validation was applied to assess model
stability and uncertainty in predictive performance as
presented in Table 5. In SSRD prediction, RF yielded a
superior mean R? of (0.767 + 0.010), compared to LR with
(0.437 £ 0.025), signifying enhanced and more reliable
predictive efficacy across folds. The comparatively low
standard deviation noted for RF suggests restricted
variability in model performance across various training
partitions. Additionally, A comparable trend was noted in the
prediction of occupational doses. RF attained a mean R? of
0.898 + 0.034, while LR showed lower performance and
increased variability (0.323 £ 0.110). The increased
uncertainty noted in occupational dose prediction likely
indicates the limited dataset and reduced temporal span. The
cross-validation results suggest that RF achieved more
consistent performance than LR, although predictive
uncertainty persisted in both applications.

Table 5: Cross-validation uncertainty of RF and LR models

Dataset Model Mean (R?) SD (R?)

SSRD RF 0.767 0.010
LR 0.437 0.025

Occupational Dose RF 0.898 0.034
LR 0.323 0.110
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3.10 Implications for Environmental Monitoring and
Radiation Protection

The findings illustrate the significance of data-driven
modelling approaches for environmental and radiological
evaluation in Nigeria. The SSRD prediction can provide
support in solar resource estimation, environmental
planning, and regional energy assessments by providing an
understanding of climatic influences on surface radiation
variability. Simultaneously, occupational dose estimation
offers an attainable framework for tracking exposure trends
among worker classifications. Despite originating from
different sources, both solar radiation and occupational
ionizing radiation analyses illustrate how predictive
methodologies can enhance environmental monitoring and
refine exposure assessment.

4. Conclusions

This study applied a machine learning approach to estimate
surface solar radiation downward (SSRD) across Nigeria’s
climatic zones and assess annual effective dose across
regulated occupational worker categories. The results
indicated different spatial and temporal variability in SSRD,
with mean values in the Sahel (6.5 + 0.74 kWh m day),
moderate conditions in the Savannah (5.8 *+ 0.68 kWh m
day?), and decreasing values along the Guinea Coast (5.2 +
0.62 kWh m2 day™?). RF consistently outperformed LR when
estimating both SSRD and occupational doses, suggesting
that nonlinear climatic and occupational relationships
contributed to variability.

Climatic zone, humidity, and temperature were observed as
significant factors influencing SSRD variability, suggesting
the influence of regional climatic conditions and
meteorological variability across Nigeria’s climatic zones.
Occupational annual effective doses consistently remained
at low levels, although relatively higher mean values were
observed in Nuclear Medicine and Radiological Research.
The combined analysis of environmental solar radiation and
occupational doses offers complementary insights that may
support radiation monitoring and environmental assessment
across different operational settings, where predictive
models can assist environmental radiation assessment and
occupational dose monitoring in settings with limited
observational data. These findings were, however,
interpreted within the scope of the available datasets and
temporal coverage. The absence of explicit aerosol
indicators, such as Harmattan dust, and the relatively short
duration of occupational monitoring represent important
limitations of this study. Future research could improve
predictive reliability by expanding spatial coverage,
including atmospheric aerosol variables, and extending the
duration of occupational dose monitoring.
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