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ABSTRACT 

Solar irradiance in the Sahel covaries with several meteorological variables, making pooled bivariate correlations 
vulnerable to seasonal confounding. This study characterizes the joint meteorological structure associated with daytime 
global solar irradiance in Dosso, Niger, using field observations from May and August 2021. Sixty-two daily records 
were derived from hourly measurements of irradiance, ambient temperature, relative humidity and wind speed. After 
quality control, Pearson correlations were evaluated for the pooled dataset and separately by month; standardized 
variables were then analyzed using principal component analysis (PCA) and k-means clustering. Mean irradiance 
decreased from 822.75 W m⁻² in May to 651.52 W m⁻² in August, while mean temperature decreased from 38.23 to 
29.85°C and relative humidity increased from 35.96 to 74.15%. Across all 62 days, irradiance correlated positively with 
temperature (r = 0.658) and negatively with relative humidity (r = -0.611), but the within-month relationships differed 
markedly. The first two principal components explained 91.28% of total standardized variance. PC1 (64.24%) 
represented a hot-dry-high-irradiance versus cool-humid-low-irradiance gradient, whereas PC2 (27.04%) was 
dominated by wind speed. A two-cluster k-means solution achieved a silhouette coefficient of 0.469 and separated all 
May observations from all August observations. The separation describes two sampled seasonal regimes rather than a 
universal climatic classification. The results demonstrate that season-aware multivariate analysis provides a more 
defensible interpretation of short solar-resource records than pooled single-variable correlations and can guide the 
selection of representative meteorological scenarios for photovoltaic studies in data-sparse Sahelian regions. 
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1 INTRODUCTION 

Solar-energy planning in arid and semi-arid regions requires more than an estimate of mean irradiance. It also requires 
an understanding of the atmospheric conditions that control temporal variability and photovoltaic operating 
temperature. In the Sahel, clouds, water vapour, aerosols, temperature, convection and seasonal circulation evolve 
jointly. Ground observations remain sparse, and satellite or reanalysis products can differ appreciably from local 
measurements, especially where cloud and aerosol conditions change rapidly [1–7]. These limitations increase the value 
of extracting physically interpretable information from short field campaigns while retaining caution about 
measurement uncertainty and temporal representativeness. 

A methodological difficulty arises when observations from contrasting seasons are pooled. Between-season differences 
can dominate covariance and produce strong correlations even when within-season associations are weak. Such 
reversals or changes in association after aggregation are well documented in statistical analysis [8]. The pooled 
coefficients remain descriptive of the combined sample, but they should not be interpreted as invariant or causal effects. 
This issue is particularly important for relative humidity, which is thermodynamically coupled to temperature and often 
changes simultaneously with clouds, precipitation and atmospheric water content. 

Multivariate methods provide a suitable framework for this problem. Principal component analysis (PCA) transforms 
correlated variables into orthogonal components that retain decreasing proportions of variance and has been used to 
summarize climatic gradients and reduce redundancy in solar-radiation datasets [9,10]. K-means clustering can then 
identify groups with similar multivariate characteristics without imposing seasonal labels, while the silhouette 
coefficient provides a compact measure of within-cluster cohesion and between-cluster separation [11,12]. Analyses of 
photovoltaic performance in arid climates similarly emphasize that meteorological drivers should be interpreted jointly 
rather than in isolation [13]. 

An earlier analysis of the Dosso campaign reported an inverse association between relative humidity and solar radiation 
[14]. The present study extends that work by adopting a multivariate and season-aware framework. Its objectives are 
to quantify the May-August contrasts in irradiance, temperature, relative humidity and wind speed; compare pooled 
and within-month correlations; identify the dominant covariance axes using standardized PCA; and test whether 
unsupervised clustering recovers distinct groups in the four-variable space. The analysis is exploratory and 
characterizes only the two observed periods; it is not intended to establish a complete climatology of Dosso. 

2 MATERIAL AND METHODS 

2.1 Study area and field campaign 

The measurement site is located in Dosso, south-western Niger, at 13°02′30″ N and 3°11′15″ E, at a mean altitude of 
approximately 217 m. The site is flat and free of nearby obstacles that could cast shade over the measurement area. 
Dosso lies within the West African Sahel, where a long dry season and a shorter monsoon season produce strong annual 
contrasts in temperature, moisture, cloudiness and aerosol conditions. Field observations were collected during May 
and August 2021, hourly between 07:00 and 18:00 local time. May represents a hot and relatively dry pre-rainy-season 
period, whereas August lies within the core rainy season. 

Ambient temperature and relative humidity were measured using a SMART SENSOR AS847 thermo-hygrometer. Wind 
speed was measured with a UT363 BT mini-anemometer positioned approximately 2 m above ground. Global irradiance 
was measured with an SM206-SOLAR instrument; the readings analyzed here represent irradiance on a horizontal plane 
measured near ground level. The two observation periods yielded 62 daily records, comprising 31 days in May and 31 
days in August. 

2.2 Data preparation and quality control 

For each day, valid hourly observations were averaged to obtain daytime daily means of global irradiance (G), ambient 
temperature (T), relative humidity (RH) and wind speed (W). Thus, G is a mean irradiance in W m⁻² over the 07:00-
18:00 observation window; it is not daily solar irradiation in kWh m⁻² day⁻¹. For G, T and RH, zero values that were 
physically incompatible with the daytime window or adjacent observations were treated as missing. Zero wind-speed 
observations were retained because they can represent calm conditions. Clearly identifiable decimal-entry errors were 
converted to numeric values only when the intended value was unambiguous. No temporal interpolation was applied, 
thereby avoiding the introduction of artificial covariance. Table 1 summarizes the variables, units and daily treatments 
used in the analysis. 
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Table 1: Variables included in the multivariate analysis 

Variable Symbol Unit Daily treatment 

Global horizontal irradiance G W m⁻² Mean of valid daytime hourly observations 

Ambient temperature T °C Mean of valid daytime hourly observations 

Relative humidity RH % Mean of valid daytime hourly observations 

Wind speed W m s⁻¹ Hourly mean; zero values retained 

Traceable calibration documentation for the SM206-SOLAR instrument was not available in the campaign files. Absolute 
irradiance magnitudes are therefore treated as field observations rather than reference-standard radiometry, 
consistent with the importance assigned to calibration and traceability in meteorological measurement guidance [15]. 
The principal focus is the internal covariance and seasonal structure, although measurement uncertainty may still affect 
the results. 

2.3 Statistical analysis 

Monthly means were calculated for all four variables. Pearson correlation coefficients and two-sided significance 
probabilities were then computed for the complete 62-day dataset and separately for each month. The monthly 
decomposition was used as a diagnostic for seasonal confounding: a strong pooled correlation can arise from differences 
in monthly means even when within-month relationships are weak. Because several pairwise tests were examined, the 
reported p-values are unadjusted and are interpreted as descriptive evidence rather than confirmatory hypothesis tests, 
following established cautions concerning multiple simultaneous tests [16]. 

PCA was applied to the four standardized daily variables. Each observation was centered by the sample mean and 
divided by the corresponding sample standard deviation so that variables expressed in different units contributed 
comparably. Components were obtained from the eigendecomposition of the correlation matrix. The first two 
components were retained because their cumulative explained variance exceeded 90%. Component signs are arbitrary; 
interpretation was based on the relative magnitude and direction of loadings. 

K-means clustering was applied to the same standardized four-variable dataset. Candidate solutions with k = 2, 3, 4 and 
5 clusters were compared using the average silhouette coefficient. The algorithm did not receive month labels; those 
labels were used only after clustering to interpret group composition. The k = 2 solution provided the highest silhouette 
coefficient among the tested solutions. Because k-means is sensitive to initialization and cluster geometry, its result was 
interpreted descriptively rather than as a definitive climatic taxonomy [17,18]. 

All analyses were rerun using Python 3.12.14. Data processing and numerical calculations used pandas 2.2.3, NumPy 
2.3.5 and SciPy 1.17.0. PCA, k-means clustering and silhouette analysis were performed using scikit-learn 1.8.0. Figures 
were produced using Matplotlib 3.10.8 and Seaborn 0.13.2. 

3 RESULTS AND DISCUSSION 

3.1 Seasonal contrast in the observed variables 

Table 2: Mean meteorological conditions during the two sampled periods 

Variable May August August relative to May 

Global irradiance, G (W m⁻²) 822.75 651.52 -20.81% 

Ambient temperature, T (°C) 38.23 29.85 -8.38°C 

Relative humidity, RH (%) 35.96 74.15 +38.20 percentage points 

Wind speed, W (m s⁻¹) 1.107 1.084 -2.05% 

The two periods differed strongly in irradiance, temperature and humidity, whereas mean wind speed changed little 
(Table 2). Mean irradiance declined by 20.81% from May to August, temperature decreased by 8.38°C, and relative 
humidity increased by 38.20 percentage points. Mean wind speed decreased by only 2.05%. The sampled seasonal 
contrast was therefore primarily radiative and thermo-hygrometric rather than a shift in average ventilation. 
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3.2 Pooled and within-month correlation structure 

For the pooled dataset, irradiance was positively correlated with temperature (r = 0.658, p < 0.001), negatively 
correlated with relative humidity (r = -0.611, p < 0.001), and moderately correlated with wind speed (r = 0.394, p = 
0.002). Temperature and relative humidity showed an exceptionally strong pooled inverse correlation (r = -0.985, p < 
0.001). Figure 1 displays all six pooled pairwise correlations, whereas Table 3 compares the three irradiance 
relationships and the temperature-humidity diagnostic across the pooled and month-specific datasets. 

 

Figure 1: Pearson correlation matrix for the pooled set of 62 daily observations. G: global irradiance; T: 
ambient temperature; RH: relative humidity; W: wind speed. 

The within-month analysis demonstrates that the pooled relationships were not stationary (Table 3). In May, G-T and 
G-RH correlations were weak and non-significant at the 5% level (p = 0.273 and p = 0.222, respectively). In August, the 
corresponding correlations strengthened to 0.809 and -0.602 (both p < 0.001). The G-W correlation also increased from 
0.284 in May (p = 0.122) to 0.532 in August (p = 0.002). The pooled coefficients therefore combine within-period 
covariation with the large difference between the two monthly means. 

Table 3: Selected pairwise correlations for pooled and month-specific datasets 

Variable pair All 62 days May (n = 31) August (n = 31) 

G-T +0.658*** +0.203 +0.809*** 

G-RH -0.611*** -0.226 -0.602*** 

G-W +0.394** +0.284 +0.532** 

T-RH -0.985*** -0.904*** -0.839*** 

** p < 0.01; *** p < 0.001 (two-sided tests). 

3.3 Principal component structure 

PC1 explained 64.24% of total standardized variance and PC2 explained 27.04%; together they accounted for 91.28% 
(Table 4). PC1 had loadings of approximately +0.522 for G, +0.595 for T, -0.582 for RH and +0.183 for W. Positive PC1 
scores therefore represented hotter, drier and more strongly irradiated conditions, whereas negative scores 
represented cooler, more humid and less irradiated conditions. PC2 was dominated by wind speed, whose loading was 
approximately +0.889. Wind thus contributed principally to a secondary source of variability rather than the main May-
August contrast. 
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Table 4: Explained variance and interpretation of the retained principal components 

Component Explained variance Dominant interpretation 

PC1 64.24% Hot-dry-high-irradiance to cool-humid-low-irradiance gradient 

PC2 27.04% Secondary variability dominated by wind speed 

PC1 + PC2 91.28% Two axes capture most standardized variance 

3.4 K-means classification of the sampled regimes 

Among k = 2 to 5, the two-cluster solution produced the highest average silhouette coefficient, equal to 0.469. The 
clusters corresponded exactly to the two sampled periods: all 31 May observations were assigned to one cluster and all 
31 August observations to the other (Figure 2). Since month labels were excluded from the features, the result confirms 
that the joint structure of G, T, RH and W was sufficient to separate the two periods in this dataset. 

 

Figure 2: Two-cluster k-means classification projected onto the PC1-PC2 plane. Cluster membership 
reproduces the May and August groups, respectively; cluster numbers are arbitrary labels. 

The silhouette coefficient indicates moderate rather than exceptionally strong separation. Moreover, exact month-
cluster correspondence does not establish a universal two-class climate system. The sampling design deliberately 
includes two contrasting periods, so the result quantifies the multivariate distinction between those periods rather than 
the full diversity of annual weather states in Dosso. 

3.5 Seasonal confounding in pooled correlations 

The comparison in Table 3 shows that a pooled coefficient cannot be used as an invariant meteorological response 
function. Each pooled value reflects both covariation within a month and displacement between the May and August 
monthly means. The weak May G-T and G-RH coefficients, contrasted with the stronger August values, therefore change 
the interpretation of the pooled relationships: they describe the sampled seasonal gradient rather than an isolated effect 
of temperature or humidity on irradiance. 

The pattern is physically plausible because the variables are coupled. Relative humidity depends on both moisture 
content and temperature; cloud formation is linked to humidity and convection; aerosols and dust vary by season; and 
near-surface temperature responds to the radiative environment [5–7]. The very strong inverse T-RH correlation is 
therefore best viewed as an indicator of the hot-dry versus cool-humid contrast. Atmospheric variables omitted from 
the campaign, particularly cloud fraction, precipitation, aerosol optical depth and precipitable water, may account for 
part of the remaining structure. 
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3.6 Multivariate description and implications for photovoltaic studies 

PCA and clustering provide complementary, rather than duplicate, evidence. PCA identifies the joint gradient that 
organizes the observations, while k-means tests whether the standardized four-variable space contains coherent groups 
without receiving month labels. Their agreement supports a marked contrast within the sampled record, but it does not 
by itself demonstrate that the same two-group structure will recur in other months or years [9,10,17,18]. 

For photovoltaic modelling, May and August impose distinct but not uniformly favourable boundary conditions. The 
May regime supplies greater irradiance but also higher ambient temperature, which can increase module temperature 
and offset part of the irradiance benefit through temperature-related efficiency losses [19,20]. The August regime 
combines lower irradiance with higher humidity and more variable atmospheric attenuation; humidity, air motion and 
dust can influence PV operating conditions and optical losses [21,22]. Representative-day selection and model 
validation should therefore preserve the observed joint meteorological states instead of relying on one monthly 
irradiance value or one pooled correlation [13]. The campaign did not measure electrical PV output; these implications 
concern scenario selection and cannot be interpreted as quantified PV-energy losses or gains. 

This point is particularly relevant in West Africa, where surface radiation stations are sparse and satellite products can 
show location- and season-dependent departures from ground observations [1,4,6,7]. Regime-based analysis can 
support the selection of physically contrasting scenarios for PV yield, thermal behaviour and storage simulations. With 
longer records, regime-conditioned performance models could also determine whether prediction errors differ 
systematically between dry, humid, cloudy or dusty states. 

3.7 Study limitations and perspectives 

The interpretation is limited by the 62-day record, which covers only May and August 2021, and by daily averaging, 
which masks sub-daily variability. The absence of cloud, precipitation and aerosol measurements restricts physical 
attribution, while unavailable calibration records and PV-output data preclude reference-grade irradiance assessment 
or quantified PV-performance conclusions. Future studies should use multi-year, traceably calibrated measurements, 
include atmospheric indicators and electrical PV output, and evaluate the stability of the multivariate regimes through 
out-of-sample validation. 

4 CONCLUSION 

The 62 daily observations reveal a clear multivariate contrast between the sampled May and August 2021 conditions in 
Dosso. The divergence between pooled and within-month correlations shows that season must be accounted for before 
meteorological associations are used in solar-resource interpretation. PCA retained 91.28% of standardized variance in 
two axes, and k-means reproduced the two sampled periods with a moderate silhouette coefficient of 0.469. Together, 
these results support the use of joint meteorological regimes to select contrasting inputs for PV simulation in data-
sparse Sahelian settings. They do not establish causal effects, annual regime frequencies or electrical PV performance. 
Generalization to annual resource assessment requires longer records, traceable irradiance calibration and direct PV-
output measurements. 
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