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Abstract 
Rainfall in the Sudano-Sahelian zone of northeastern Nigeria is confined 

to a short monsoon season, yet daily relationships between surface 

meteorological conditions and rainfall occurrence are rarely 

documented for Maiduguri. This exploratory two-year (2023–2024) 

diagnostic study examined surface conditions associated with wet days 

in Maiduguri using daily NASA POWER (MERRA-2-based) estimates of 

2-m air temperature, 2-m relative humidity, 10-m wind speed and 

precipitation for 2023–2024 with a number of samples (n = 731). A wet 

day was defined as a day with a daily rainfall exceeding 1 mm, as rainfall 

alone cannot confirm thunder or lightning, whereas wet days were not 

treated as thunderstorm events. The methods used included descriptive 

statistics, Spearman and point-biserial correlations adjusted for serial 

dependence, correlations of depersonalized anomalies, and logistic 

regression with seasonal harmonics and cross-year validation. In June–

September, 94.8% of the total rainfall and 89.4% of the 142 wet days 

contribute, and the number of wet days increases from 56 in 2023 to 86 

in 2024. Relative humidity showed the strongest association with wet-

day occurrence (rpb = 0.65; 95% CI: 0.57–0.72), which weakened but 

persisted after the seasonal cycle was removed (r = 0.28; 95% CI: 0.17–

0.38). The negative wind-speed association (rpb = -0.31) was no longer 

evident after depersonalization, indicating a shared seasonal pattern 

instead of a direct physical relationship. Moreover, surface variables 

provided only marginal improvements in out-of-sample discrimination 

beyond seasonality. The findings describe associations, not causal 

effects or a validated warning tool, and justify further work combining 

station, lightning and upper-air observations. 

 

Keywords: Maiduguri; NASA POWER; Relative humidity; Sudano-Sahel; 

West African Monsoon; Wet days. 
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1. Introduction 
Rainfall across the Sudano-Sahelian belt of West Africa 
falls within a single, short wet season and is dominated 
by organized convection, particularly mesoscale 
convective systems and squall lines that supply most of 
the seasonal total.[1,2] These systems also bring intense 
short-duration rainfall, strong outflow winds and 
frequent lightning, as Africa contains several of the 
world’s most active lightning regions, and extreme 
Sahelian storms have become more frequent since the 
early 1980s.[3,4] In northeastern Nigeria, these hazards 
affect rain-fed livelihoods, transport and poorly drained 
urban areas.[5,6] Accordingly, deep convection requires 
low-level moisture, conditional instability and a lifting 
mechanism.[7] Surface heating destabilizes the boundary 
layer, and latent heat released during condensation 
sustains ascent.[8,9] Similarly, thunder and lightning occur 
when vigorous updrafts in mixed-phase cumulonimbus 
clouds separate charge through collisions between 
graupel and ice crystals.[10-12] Daily surface variables 
therefore describe the near-surface environment of 
convection but not instability aloft or electrical activity, 
and a daily rainfall total cannot distinguish a 
thunderstorm from a stratiform or light monsoon 
shower. Meteorological observations remain sparse 
across northern Nigeria, and access to daily station 
records is often limited by cost and administrative 
procedures; thus, gridded satellite and reanalysis 
products are widely used in the Sahel region.[13-15] The 
NASA Prediction of Worldwide Energy Resources 
(POWER) service distributes continuous daily variables 
derived largely from the MERRA-2 reanalysis, but 
evaluations against Nigerian gauges show that its rainfall 

reproduces the seasonal cycle more reliably than the day-
to-day or interannual variability does.[13,16-18] 
Furthermore, rainfall studies in northern Nigeria and the 
wider Sahel have concentrated on long-term totals, 
trends, onset and the annual migration of the 
Intertropical Discontinuity (ITD), and recent work on 
Maiduguri has addressed monthly rainfall forecasting. [19-

25] However, less attention has been given to how daily 
surface conditions covary with rainfall occurrence at the 
city scale and to whether such associations survive once 
the shared seasonal cycle and the serial dependence of 
daily data are considered. This is important because all 
four variables follow the monsoon cycle; thus, strong 
correlations can arise even when day-to-day associations 
are weak. This study therefore provides a short-term, 
exploratory diagnostic for Maiduguri based on NASA 
POWER data for 2023–2024. Its objectives were to 
characterize the distribution and seasonal cycle of air 
temperature, relative humidity, wind speed, rainfall and 
wet-day occurrence in each year; to quantify the 
associations between these variables and rainfall 
occurrence; to separate seasonal from within-season 
coverability; and to assess whether the surface variables 
add information on wet-day occurrence beyond seasonal 
timing. The novelty lies in this daily scale, seasonality-
adjusted treatment, in which associations are evaluated 
after the shared seasonal cycle is removed, with 
allowance for serial dependence and cross-year 
validation, which are steps not usually taken in local 
descriptive rainfall studies of northeastern Nigeria. Given 
that only rainfall was available, the outcome is defined as 
rainfall-defined wet days rather than thunderstorms, and 
no long-term trends are inferred. 

 
Fig. 1: Study area sowing (a) Nigeria and Borno State in West Africa, (b) Borno State, showing Maiduguri and the MERRA-

2 grid cell (0.5° × 0.625°) containing the NASA POWER extraction point.
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2. Study area 
Maiduguri (11.85°N, 13.16°E, approximately 350 m 
above sea level), the capital of Borno state, lies in the Lake 
Chad Basin near the borders with Niger, Chad and 
Cameroon, as shown in Fig. 1.[16] The city has a hot 
semiarid climate (Köppen BSh), with a single rainy 
season, normally June–September, which is controlled by 
the northward advance and retreat of the ITD within the 
West African Monsoon (WAM).[26-28] The rest of the year is 
dominated by dry north-easterly Harmattan flow. The 
terrain is flat, with sparse vegetation and seasonal 
drainage channels. 
 
3. Materials and methods 
3.1 Data source and processing 
Daily data for 1 January 2023 to 31 December 2024 were 
retrieved on 7 September 2026 from the NASA POWER 
Data Access Viewer (https://power.larc.nasa.gov) for the 
point 11.85°N, 13.16°E.[29] The parameters were T2M (air 
temperature at 2 m, °C), RH2M (relative humidity at 2 m, 
%), WS10M (wind speed at 10 m, m s−1) and 
PRECTOTCORR (bias-corrected precipitation, mm day−1). 
All four variables are derived from MERRA-2, whose 
native grid is 0.5° × 0.625°, and the precipitation is from 
gauge- and satellite-based observations over land. [17,30] 
The values are therefore grid-cell averages shown in Fig. 
1b from the extraction point and not station 
measurements. The 731-day record contained no 
missing dates, duplicates or physically implausible 
values, and no gap filling or bias correction was applied. 
Python 3 (pandas, SciPy, stats models and scikit-learn) 
was used for the analysis. 
 
3.2 Representativeness of the NASA POWER data 
NiMet (Nigerian Meteorological Agency) records for 
Maiduguri were not freely available for 2023–2024; 
therefore, data quality was assessed from published 
evaluations. At the NiMet Maiduguri station, POWER 
monthly rainfall for 1981–2015 correlated moderately 
with gauge records (r = 0.59; RMSE = 50.1 mm month−1), 
whereas annual totals were essentially uncorrelated (r = 
0.02), as reported by Dawa et al. (2024).[16] Moreover, a 
study by Ellis & Samson (2026) revealed that across 20 
NiMet stations, POWER reproduced spatial and seasonal 
rainfall patterns but overestimated the frequency of 
light-rain days and underestimated wet-day intensity.[9] 
POWER air temperatures coincide with NiMet 
observations in northern Nigeria, and global station 
comparisons reveal modest daily skill for precipitation 
(NASA POWER Project, n.d.).[31] The data are therefore 
most dependable for the seasonal cycle and relative 
contrasts and least dependable for exact daily amounts 
and interannual totals. 
 

3.3 Wet days 

A wet day was defined as a day with rainfall exceeding 1  
mm, which is consistent with the 1-mm wet-day 
convention of climate indices.[32] The threshold excludes 
the trace amounts that reanalysis products generate on 
many otherwise dry days, whereas in this record, 165 
days had more than 0 mm but no more than 1 mm.[13] 
Wet-season rainfall in the Sudano-Sahel Basin is mainly 
convective, but the threshold also captures stratiform 
and light rain and has no information on thunder or 
lightning; thus, wet days are treated only as rainfall-
occurrence days.[2,33] Sensitivity was tested with 
thresholds of 0.1, 2.5 and 5 mm and with ≥ 1 mm. 
 

3.4 Statistical analysis 
Descriptive statistics included the mean, sample 
standard deviation (n − 1 denominator), coefficient of 
variation (CV = SD/mean × 100), quartiles, extremes and 
skewness, and normality was checked with the Shapiro‒
Wilk test. The monthly means, rainfall totals and wet-day 
counts were computed for each year, and the seasonal 
shares were calculated separately for the rainfall amount 
and wet-day frequency. As daily rainfall was strongly 
skewed and zero-inflated, associations among 
continuous variables were measured with Spearman’s 
rank correlation (ρ), with Pearson’s r reported for 
comparison. The point-biserial coefficient (rpb) is used to 
determine the associations with the binary wet-day 
series.[34] Daily meteorological series are serially 
correlated, which inflates nominal significance, while 
confidence intervals (Fisher z) and p values are therefore 
based on an effective sample size:[35] 

          𝑛𝑒𝑓𝑓 =
𝑛 (1 − 𝜌1,x 𝜌1,y)

(1 + 𝜌1,𝑥 𝜌1,𝑦)
                     (1) 

where ρ1,x and ρ1,y are the lag-1 autocorrelations of the 
two series. To separate seasonal from within-season 
coverability, each variable was deseasonalized by 
subtracting a three-harmonic fit to the day of the year, 
and the correlations were recomputed on the anomalies. 
Wet-day occurrence was modeled with logistic 
regression.[36] Model M1 contained only two seasonal 
harmonics; M2 included same-day temperature, relative 
humidity (per 10 percentage points) and wind speed; and 
M3 used previous-day values of the same variables, as 
same-day means are partly altered by rain. Standard 
errors were autocorrelated with the Newey‒West 
estimator and a 7-day lag.[37] The models were compared 
using likelihood ratio tests, the Akaike information 
criterion (AIC) and the area under the receiver operating 
characteristic curve (AUC), and out-of-sample skill was 
assessed by fitting each model to one year and testing it 
on the other. Statistical significance was set at p < 0.05. 
 

4. Results and discussion 
4.1 Distribution of surface meteorological variables 

https://doi.org/10.64189/css.26416
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Table 1: Descriptive statistics of daily surface variables in Maiduguri, 2023–2024 (n = 731) 

Statistic Air temperature (°C) Relative humidity (%) Wind speed (ms−1) Rainfall (mm) 

Mean 29.10 38.19 2.67 1.27 

Standard deviation 4.33 22.15 0.89 3.88 

Coefficient of variation (%) 14.9 58.0 33.4 306.5 

Minimum 18.81 6.87 0.45 0.00 

25th percentile 25.96 18.29 1.99 0.00 

Median 29.06 34.39 2.68 0.00 

75th percentile 32.47 53.21 3.29 0.53 

Maximum 38.49 90.28 5.07 37.75 

Skewness −0.09 0.53 0.19 5.22 

**Note: SD is the sample standard deviation (n − 1 denominator); CV = SD/mean × 100. Skewness is the adjusted Fisher–

Pearson coefficient. 

 
Table 1 summarizes the 731 daily values. Rainfall was the 
Most variable and least normally distributed parameter 
(CV = 306%, skewness = 5.22); the median was 0.00 mm, 
only 142 days (19.4%) were wet, and the 24 days with 
more than 10 mm supplied half of the two-year total. 
Among the remaining variables, relative humidity had 
the greatest relative variability (CV = 58.0%), reflecting 
the contrast between Harmattan and monsoon air, 
whereas temperature varied the least (CV = 14.9%). 
Shapiro‒Wilk tests rejected normality for all four 
variables (p < 0.001), supporting the use of rank-based 
and model-based methods. This episodic regime is 
typical of the Sudano–Sahelian zone.[24,38] However, 
because NASA POWER tends to underestimate heavy 
daily totals, the maximum of 37.75 mm is seen as 
probably a conservative estimate of local extremes.[13,16] 

 

4.2 Seasonal cycle and interannual contrast 

The seasonal cycle presented in Table 2 and illustrated in 
Fig. 2, Fig. 3 and Fig. 4 follows the WAM. June–September 
supplied 878.9 mm of the 926.6 mm two-year total of  
94.8% and 127 of the 142 wet days with 89.4%, two 
percentages that measure different quantities. August 
was the wettest month in both years, with 43 wet days 
over the two years (69.4% of August days), followed by 
July, with 34 days. However, the temperature peaks in 
May (two-year mean of 35.4 °C), before regular rainfall 
begins, and then decreases as the cloud cover and 
evaporative cooling increase.[23] However, the two-year 
mean relative humidity increased from approximately 
13% in March to 73% in August, whereas the mean wind 
speed decreased to a September minimum and 
strengthened again with the return of Harmattan. 
    This sequence is consistent with the northward 
migration of the ITD, which brings deep southwesterly 
monsoon moisture to the far north of Nigeria only in mid-  

Table 2: Monthly mean temperature, relative humidity and wind speed, monthly rainfall totals and wet days (> 1 mm) in 

Maiduguri, 2023 and 2024 

Month Air temperature (°C) Relative humidity (%) Wind speed (m s−1) Rainfall (mm) Wet days 

 2023 2024 2023 2024 2023 2024 2023 2024 2023 2024 

January 24.2 22.9 22.1 17.7 3.10 3.10 0.0 0.0 0 0 

February 26.0 26.6 16.8 17.0 3.73 3.41 0.0 0.2 0 0 

March 30.6 33.0 14.7 11.9 3.31 3.50 1.4 0.0 1 0 

April 33.9 35.0 19.9 12.8 2.86 2.59 0.9 0.1 0 0 

May 34.5 36.4 34.6 25.5 2.81 2.50 10.3 3.0 1 1 

June 31.5 33.7 51.6 43.9 2.26 2.72 63.1 44.0 11 10 

July 31.9 29.1 50.0 65.7 2.30 2.33 39.4 194.8 10 24 

August 28.9 26.2 65.0 81.4 1.74 2.60 162.1 227.4 18 25 

September 29.5 27.1 62.3 77.0 1.81 1.34 56.1 92.0 12 17 

October 30.3 27.5 40.7 60.2 2.04 1.86 9.8 21.9 3 9 

November 29.5 23.5 28.0 39.9 2.94 3.09 0.1 0.0 0 0 

December 24.6 21.9 22.4 32.9 3.07 3.16 0.0 0.0 0 0 

Annual 29.6 28.6 35.8 40.6 2.66 2.68 343.1 583.5 56 86 

Jun–Sep share 

(%) 
– – – – – – 93.4 95.7 91.1 88.4 

**Note: The annual values are annual means (temperature, humidity, and wind speed) or annual totals (rainfall and wet 

days). The two-year totals are 926.6 mm and 142 wet days, of which June–September account for 94.8% and 89.4%, 

respectively. 
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Fig. 2: Monthly (a) total rainfall and mean (b) air temperature, (c) relative humidity and (d) wind speed for 2023 and 2024. 

The shading indicates June–September. 

 
summer and reaches its northernmost position in 
approximately August.[22,27] Within this moist layer, 
rainfall is delivered mainly by organized systems that are 
often modulated by African easterly waves.[2,39] Hence, the 
rainfall frequency and peak amount are greater in August 
than in April–May. The two years differed markedly, as  

2024 had 86 wet days and 583.5 mm of rainfall, 
compared with 56 wet days and 343.1 mm in 2023, 
mostly because of a wetter July–October, as presented in 
Table 2 and as shown in Figs. 3 and Fig. 4. However, with  

 
two years, this contrast reflects interannual variability, 
which is large in the Sahel, which does not reflect a     
trend.[19,21] The totals are of the same order as gauge 
evidence for far northeastern Nigeria, where the mean  
wet-season rainfall is less than 500 mm and rain occurs 
approximately 35 days per season.[13] The higher POWER 
wet-day counts for June–September (51 in 2023 and 76 
in 2024) are consistent with the tendency of POWER to 
overestimate rainfall frequency even after the 1-mm  
threshold is applied considering the size of the

 
Fig. 3: Monthly wet days (rainfall > 1 mm) in 2023 and 2024 (bars) and two-year wet-day frequency as a percentage  

of days (line). The shading indicates June–September. 
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Fig. 4: Daily (a) rainfall, with wet days (> 1 mm) highlighted, (b) relative humidity and (c) wind speed, 2023–2024. The 

shading indicates June–September. 

 

interannual difference.[16] 

 

4.3 Associations between surface variables and 
rainfall occurrence 
The correlations among the continuous variables where 
relative humidity was positively associated with daily 
rainfall are shown in Table 3, and the correlation (ρ = 
0.80) was much stronger than the Pearson coefficient (r  
= 0.49), reflecting the skewed, zero-inflated rainfall 
distribution. The temperature‒humidity correlation was 
neff = 21 (p = 0.55). After deseasonalization, the humidity‒
rainfall association decreased to ρ = 0.29 but remained  

 
significant, whereas the wind‒rainfall correlation 
became weakly positive (ρ = 0.09) and the temperature‒
rainfall correlation became negative (ρ = −0.23). 
   Table 4 presents associations with wet-day occurrence, 
where relative humidity had the strongest association 
(rpb = 0.65, 95% CI, 0.57–0.72), wind speed had a 
moderate negative association (rpb  = −0.31) and 
temperature did not (rpb = −0.0, p = 0.47). The observed 
probability of a wet day was less than 3% when the 
humidity was less than 40% and approximately 90% 
when it exceeded 80%, as illustrated in Fig. 5a; however, 
after the removal of the seasonal cycle, the humidity

Table 3: Correlations among daily surface variables before and after removal of the seasonal cycle (n = 731) 

Variable pair 
Raw daily values Deseasonalized anomalies 

Pearson r Spearman ρ [95% CI] neff p Spearman ρ [95% CI] p 

Temperature-relative humidity −0.12 −0.14 (−0.54, 0.31) 21 0.551 −0.59 (−0.70, −0.46) < 0.001 

Temperature-wind speed −0.17 −0.17 (−0.34, 0.01) 115 0.065 −0.10 (−0.23, 0.02) 0.112 

Temperature-rainfall −0.08 0.11 (0.00, 0.21) 344 0.040 −0.23 (−0.30, −0.15) < 0.001 

Relative humidity-wind speed −0.50 −0.48 (−0.61, −0.33) 115 < 0.001 0.13 (0.01, 0.25) 0.037 

Relative humidity-rainfall 0.49 0.80 (0.76, 0.84) 343 < 0.001 0.29 (0.22, 0.37) < 0.001 

Wind speed-rainfall −0.19 −0.45 (−0.52, −0.37) 413 < 0.001 0.09 (0.01, 0.17) 0.026 

**Note: Confidence intervals (Fisher z) and p values use the effective sample size neff as in Eq. 1. Anomalies depart from a three-

harmonic seasonal fit; neff for anomalies ranged from 124 to 603. 
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Table 4. Associations between surface variables and wet-day occurrence (142 wet and 589 nonwet days) 

Predictor rpb (95% CI) p Deseasonalised r [95% CI] p Univariate OR [95% CI] AUC 

Air temperature (per 1 

°C) 

−0.05 (−0.17, 0.08) 0.470 −0.19 (−0.30, −0.07) 0.002 0.97 (0.91, 1.04) 0.551 

Relative humidity (per 

10%) 

0.65 (0.57, 0.72) < 0.001 0.28 (0.17, 0.38) < 0.001 2.90 (2.42, 3.48) 0.934 

Wind speed (per 1 m 

s−1) 

−0.31 (−0.40, −0.21) < 0.001 −0.01 (−0.11, 0.09) 0.900 0.36 (0.25, 0.51) 0.729 

**Note: rpb is the point-biserial correlation, and p values and intervals use the effective sample size. The deseasonalized 

coefficient correlates predictor anomalies with wet-day occurrence. OR = odds ratio from univariate logistic regression with 

Newey‒West (7-day) standard errors, AUC = area under the ROC curve. 

 
association weakened to r = 0.28 (95% CI, 0.17–0.38) but 
persisted, the temperature association became negative 
(r = −0.19), and the wind association was no longer 
evident (r = −0.01, p = 0.90), as shown in Fig. 5b. The 
results were similar for thresholds of 0.1–5 mm 
(humidity rpb = 0.77–0.44). 
    The logistic models indicate this pattern, as presented 
in Table 5, as the seasonal timing (M1) discriminates wet 
from nonwet days (AUC = 0.910). However, adding same-
day variables (M2) improved the fit significantly 
(likelihood ratio χ2 = 76.8, p < 0.001). Each 10-
percentage-point increase in humidity multiplied the 
odds of a wet day by 5.5 (95% CI, 3.2–9.7), whereas 
temperature and wind speed were less significant. 
Moreover, previous-day humidity (OR = 3.6) and 
temperature (OR = 1.5) were significant in M3. The out-
of-sample gain was small and negligible, whereas the 
AUC increased from 0.932 to 0.949 when a 2023-trained 
model was tested on 2024, only from 0.881 to 0.885 in 
the reverse direction, and M3 did not outperform M1 for  

2023. 
   Relative humidity therefore provides information on 
rainfall occurrence beyond the seasonal calendar, which 
is consistent with the importance of low-level moisture 
for Sahelian convection.[40] Although this does not 
establish that humidity controls storm formation, as 
same-day humidity is caused by rain and clouds and 
instability, convective inhibition and wind shear, which 
determine whether moist air develops into deep 
convection, were outside the scope of the data. Cooler 
anomalies on wet days are likewise more plausibly a 
consequence of rain than a precursor.[4] The negative 
wind–speed association is not evidence that calm 
conditions precede convection. It is not evident after 
deseasonalization and was absent from June–September 
(rpb = −0.02), indicating that it reflects stronger dry-
season Harmattan winds, which coincide with the 
absence of rain. Moreover, daily winds averaged over a 
grid cell also smooth out the short-lived gust fronts and  
squall-line outflows that accompany Sahelian storms.[5,33] 

 
Fig. 5: (a) Proportion of wet days by relative humidity class (95% Wilson intervals, class sizes above) with the fitted logistic 

curve and 95% confidence band. (b) Standardized deseasonalized anomalies on nonwet and wet days. 
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Table 5: Logistic regression models of wet-day occurrence (n = 730 days) 

Model Predictors AUC 
AUC 

2023→2024 

AUC 

2024→2023 
AIC LR χ2 vs M1 (p) Odds ratio [95% CI] 

M1 
Seasonal 

harmonics only 
0.910 0.932 0.881 421.1 – – 

M2 
M1 + same-day T, 

RH, WS 
0.945 0.949 0.885 350.4 76.8 (< 0.001) 

RH 5.55 (3.16, 9.74), T 1.29 (0.96, 

1.73), WS 0.82 (0.53, 1.27) 

M3 
M1 + previous-

day T, RH, WS 
0.923 0.939 0.868 399.5 27.7 (< 0.001) 

RH 3.59 (2.14, 6.02), T 1.46 (1.10, 

1.95), WS 0.92 (0.61, 1.38) 

**Note: T = air temperature (per 1 °C), RH = relative humidity (per 10%), WS = wind speed (per 1 m s−1). Seasonal harmonics 

are two sine-cosine pairs of the day of the year. AUC 2023→2024 denotes a model fitted to 2023 and tested on 2024. The 

likelihood ratio (LR) tests have 3 degrees of freedom. Standard errors use the Newey‒West estimator (7-day lag); the first day 

is excluded, as M3 requires previous-day values. 

 
5. Implications for seasonal risk communication 
With respect to the timing of rainfall, approximately nine 
of the ten wet days fell between June and September, 
peaking in August, while seasonal preparedness in 
Maiduguri, such as reminders on drainage maintenance, 
flood readiness and lightning safety, would therefore be 
best issued before June and reinforced in July–August, 
alongside the predictions and warnings of NiMet.[41] 
However, lightning and public awareness were not 
observed in the data used, and the humidity results were 
not proposed as warning criteria. 
 
6. Limitations and future research 
The exploratory scope of this study points to clear 
directions for further research. The two-year record 
captures the seasonal cycle and one marked interannual 
contrast. Extending the analysis to the full NASA POWER 
record from 1981 onward would place 2023–2024 in a 
climatological context. Concurrent daily NiMet 
observations and upper-air indices, such as convective 
available potential energy, convective inhibition, lapse 
rates and vertical wind shear, were not available during 
this study. Comparing POWER with station records and 
adding ERA5 or MERRA-2 convective indices would 
strengthen data validation and the physical 
interpretation of the humidity association.[7,40] 
 
7. Conclusion 
In this study, two years of NASA POWER data were used 
to examine surface meteorological conditions associated 
with rainfall-defined wet days in Maiduguri. The rainfall 
was concentrated during the monsoon season; 
specifically, 94.8% of the rainfall and 89.4% of the wet 
days were supplied during June–September, with a peak 
in August, and the greater number of wet days in 2024 
reflects the interannual variability. Relative humidity 
was the surface variable most closely associated with 
wet-day occurrence, and part of this association 
persisted after the seasonal cycle was removed. The 
negative association with wind speed was entirely 

 
seasonal, and temperature showed no consistent 
relationship, while surface variables added modest 
information beyond seasonal timing. Furthermore, by 
separating seasonal associations from within-season 
associations, this study provides a transparent local 
baseline for Maiduguri and a reproducible framework 
that can be extended with longer records, station data, 
convective indices and lightning observations. Future 
studies could incorporate satellite or ground-based 
lightning observations and radar to allow thunderstorm 
days to be distinguished from other rainy days. 
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