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Abstract

Potential evapotranspiration (PET) is a major climatic variable for irrigation planning, drought monitoring, and water-resources
management, and its spatial distribution may be modified by land use/ land cover (1LULC) change. This study aimed to (i) quantify LULC
changes in Niger State between 2004 and 2024, (ii) characterize the temporal and spatial patterns of PET, and (iii) determine whether
the strength and direction of the LULC-PET relationship vary with spatial scale. Landsat 5 TM, Landsat 8 OLIL, and Landsat 9
OLI-2 imagery were classified at 30 m using supervised Maximum Likelibood Classification for six LULC classes. PET was estimated
with the Hargreaves method from Climate Research Unit climate inputs. An analytical dataset comprising 500 grid cells and three
observation years (1,500 observations) was analysed at grid-cell, Iocal Government Area (1.GA), and state-wide scales nsing percentage-
change analysis, Pearson correlation, t-tests/ ANOV A, and Mann—Kendall and Sen’s slope trend tests. Grassiand increased to 74.51%
of the state by 2024, while built-up area increased from 0.19% to 1.14%. At grid-cell scale, PET was positively correlated with Forest (r
= 0.83) and Cropland (r = 0.74), but negatively correlated with Built-up Area (r = —0.70), Grassland (r = —0.64), and Waterbody
(r = —0.58). State-wide mean annunal PET changed by only 0.52% and did not differ significantly among the three observation years (p
> 0.05), although spatial variability increased. The results demonstrate a scale-dependent LULC—PET relationship and indicate that
grid-cell and 1.GA-scale evidence is more informative for localized irrigation, drainage, land-use, and climate-adaptation decisions than
State-wide averages.

Keywords: Potential Evapotranspiration (PET), Land Use/Land Cover Change (LULC), Scale-Dependence, Guinea Savanna,
Niger State.

1.0 Introduction

Water is among the most critical natural resources sustaining agricultural production, ecosystem functioning,
and socioeconomic development. Evapotranspiration governs how this resource moves between the land surface
and the atmosphere. Potential evapotranspiration (PET), the maximum amount of water that could be lost to the
atmosphere given unlimited moisture availability, is a key climatic variable underpinning irrigation planning,
drought monitoring, and water resources management [1]. Climatic drivers such as temperature, radiation,
humidity, and wind speed have traditionally been regarded as the principal controls on PET, but a growing body
of evidence shows that land use/land cover (LULC) change also shapes evapotranspiration, by altering surface
albedo, aerodynamic roughness, vegetation structure, and soil moisture availability [2-3].

Across Nigeria, rapid agricultural expansion, urbanization, deforestation, and infrastructural development
have driven substantial and continuing transformation of the landscape [4-5|. These pressures are especially
pronounced within the Guinea Savanna ecological zone, a transitional belt of tall grasses, scattered woodland, and
a mosaic of natural and human-modified land covers that is highly sensitive to both climatic variability and
anthropogenic disturbance. Studies elsewhere in West Africa’s Guinea savanna have documented extensive and
dynamic LULC turnover, including losses of woodland and savanna vegetation that outpace gains, driven by
agricultural intensification, fuelwood extraction, and settlement growth [6]. Vegetation structure, rooting depth,
and canopy characteristics differ markedly among savanna land cover types, so such transformations carry direct
implications for the surface energy balance and, in turn, for evapotranspiration.

Niger State, located within the Guinea Savanna—Sudan Savanna transition zone of north-central Nigeria,
experiences significant environmental and anthropogenic pressures. The state contains extensive croplands, forest
reserves, grasslands, wetlands, and rapidly expanding urban areas. Over the past two decades, population growth,
agricultural expansion, urbanization, and infrastructural development have substantially altered the distribution of
major land use and land cover (LULC) classes. These changes can influence surface temperature, soil moisture,
evapotranspiration, infiltration, and the overall surface water balance, thereby affecting potential
evapotranspiration (PET).
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Understanding the relationship between LULC changes and PET is particularly important because variations
in atmospheric water demand can influence crop water requirements, irrigation needs, soil-water availability, and
agricultural productivity. Assessing these interactions can therefore support effective water-resources planning,
irrigation scheduling, land-management decisions, drought-risk assessment, and climate-change adaptation in
Niger State.

A persistent limitation in the literature is that the LULC-PET relationship is rarely examined as a function of
spatial scale. Most existing assessments, in Nigeria and elsewhere, report a single, state- or basin-wide correlation
between land cover proportions and evapotranspiration, treating the relationship as scale-invariant by default. Yet
evidence from remote sensing and ecohydrological research indicates that the strength, and even the sign, of land
surface-evapotranspiration relationships can shift markedly with the spatial resolution or aggregation unit of
analysis. Studies applying energy-balance models across multiple satellite resolutions have shown that scale
aggregation systematically alters the surface parameters that drive evapotranspiration estimates, including the
selection of “hot” and “cold” reference pixels, vegetation indices, and albedo, with resulting discrepancies that can
exceed those attributable to land cover pattern itself [7]. Multi-scale analyses linking land cover composition to
hydrological and ecosystem functions have found something similar: the explanatory power of individual land
cover classes varies considerably between fine-grained and coarser spatial units, so relationships detected at one
scale may weaken, disappear, or even reverse at another. This is the modifiable areal unit problem, well
documented in landscape-hydrology research. Because grid-cell, sub-basin, and state-wide analyses aggregate
heterogeneous savanna landscapes differently, a single scale of analysis risks masking important local dynamics, or
overstating relationships that only hold at broad spatial extents.

This is particularly important in a heterogeneous savanna environment such as Niger State, where forest
patches, croplands, grasslands, bare surfaces, and expanding built-up areas occur in close spatial proximity.
Consequently, the relationship between built-up expansion and potential evapotranspiration (PET) may appear
weak when assessed at the state-wide scale due to spatial averaging. However, this relationship could be
considerably stronger and more spatially pronounced within individual grid cells or local government areas
surrounding major urban centres such as Minna, Bida, Suleja, and Kontagora. Broad state-level statistics,
conversely, may obscure genuine, spatially localized responses of PET to forest loss or cropland conversion that
only show up at finer resolutions. Without an explicit, multi-scale treatment, land and water resource planning
risks being guided by relationships that don’t actually hold at the scale where management decisions get made.

Building on a broader spatiotemporal assessment of LULC and PET dynamics in Niger State between 2004
and 2024, which integrated Landsat-derived land cover classification, gridded PET data, and correlation,
regression, and trend analyses, This study builds upon previous research by explicitly investigating how the
relationship between LULC and PET varies across different spatial scales, ranging from individual grid cells to
aggregated administrative and broader landscape units, it addresses a gap in the West African literature, where
LULC and PET dynamics are frequently studied independently and at a single spatial scale, which limits both the
methodological rigour and the practical relevance of findings for localized environmental planning [8-9].

The present study therefore aims to examine the scale-dependent relationship between land use/land cover
change and potential evapotranspiration in the Guinea Savanna ecosystem of Niger State, Nigeria, using satellite-
derived LULC data and gridded PET estimates for 2004, 2014, and 2024. By comparing associations at multiple
spatial scales, the study seeks to determine whether, and to what extent, the strength and direction of the LULC-
PET relationship depend on the unit of analysis, providing more robust and scale-appropriate evidence to guide
irrigation planning, land-use regulation, and climate adaptation strategies in Niger State and comparable savanna
ecosystems across West Africa.

2. Materials and Methods
2.1 Description of the Study Area
Niger State is located in the north-central geopolitical zone of Nigeria, covering approximately 76,363 km? between
latitudes 8°20'N-11°30'N and longitudes 3°30'E~7°20'E [10]. It is bordeted by Zamfara and Kebbi States to the
northwest and west, Kaduna State to the north, the Federal Capital Territory to the east, and Kogi and Kwara
States to the south and southwest (Figure 1). The state straddles the transition between the Sudan Savanna in the
north and the Guinea Savanna in the south, placing it within an ecologically heterogeneous belt that is highly
responsive to both climatic variability and land surface change [11].

Relief is generally undulating, interspersed with inselbergs, river valleys, and the Shiroro Hills, while the Niger
and Kaduna Rivers, together with the Kainji and Shiroro dams, form the backbone of the state’s hydrology [12].
The climate is tropical continental, with a wet season from April to October and a Harmattan-influenced dry
season from November to March. Mean annual rainfall ranges from about 1,100 mm in the north to over 1,600
mm in the south, and mean temperatures range from 25°C to 35°C [13]. Vegetation varies from relatively dense
Guinea Savanna woodland and taller grasslands in the southern parts to more open and sparse Sudan Savanna
vegetation toward the northern parts. [11], though this natural cover has been substantially modified by agriculture,
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fuelwood extraction, and urban growth around towns such as Minna, Bida, Suleja, and Kontagora [14]. These
characteristics make Niger State a suitable setting for examining LULC-PET relationships in general, and
specifically for testing whether such relationships hold consistently across spatial scales, given the fine-grained
interspersion of cropland, forest, grassland, and built-up patches that typifies savanna transition landscapes.
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Figure. 1: The Study area

2.2 Data Sources
2.2.1 Land use/land cover data

LULC classification was based on Landsat imagery for 2004, 2014, and 2024, using Landsat 5 TM, Landsat 8
OLI, and Landsat 9 OLI-2 scenes at 30 m spatial resolution. Radiometric, atmospheric, and geometric corrections
and cloud masking were applied before classification. Supervised Maximum Likelihood Classification was
performed using training samples representing six classes: Bare Surface, Built-up Area, Cropland, Forest,
Grassland, and Waterbody. NDVI was used as supporting spectral information for class separability. Post-
classification comparison was used to quantify transitions between observation years. Classification accuracy was
evaluated with a confusion matrix using reference observations/high-resolution imagery, and overall accuracy,
producet’s accuracy, user’s accuracy, and the Kappa coefficient were reported following established remote-
sensing accuracy assessment procedures [23]. For each class, area percentage was calculated as the class area
divided by the total classified area, multiplied by 100.

ETo = 0.0023 X Ry X (Tmean + 17.8) X (Tmax — Tmin)®-* [15-10]

2.2.2 Potential evapotranspiration data

Potential evapotranspiration (PET) was estimated using the Hargreaves temperature-based method [15-16].
The method was selected because it requires fewer meteorological variables than physically based methods such
as Penman—Monteith. For each time step, mean, maximum, and minimum air temperatures were obtained from
the Climate Research Unit (CRU) dataset, while extraterrestrial radiation was calculated from latitude and day of
year following FAO-56 procedures [16]. The resulting PET estimates were aggregated to annual values and
expressed in millimetres (mm).

Ra = extraterrestrial radiation calculated from latitude and day of year using the FAO-56 procedure [16].

where ETo is reference evapotranspiration (mm day '), Tmean is mean air temperature (°C), Tmax and Tmin
are maximum and minimum air temperature (°C), respectively, and Ra is extraterrestrial radiation (M] m™ day™).

The Hargreaves—Samani equation and the calculation of extraterrestrial radiation follow Hargreaves and Samani
[15] and the FAO-56 procedures [10].
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2.2.3 Data Integration and Quality Control

An analytical database was constructed in Microsoft Excel by linking LULC percentages and PET values
through a common Grid_ID and observation year. The database contained 500 spatial grid cells for 2004, 2014,
and 2024, giving 1,500 grid-year observations. Quality control included completeness checks, verification that
LULC percentages within each grid cell summed to approximately 100%, range checks for PET, box-and-whisker
outlier screening in IBM SPSS Statistics v26, and exclusion of records that could not be recovered from the source
datasets [17-18]. Derived variables included Dominant LULC, Urban Category, Vegetation Type, Forest Cropland
Ratio, and Conversion Intensity.

2.2.4 Multi-Scale Analytical Framework
The strength, and even the direction, of land cover-hydrology relationships can shift with the spatial unit of

analysis. This pattern is documented as the modifiable areal unit problem in landscape ecology and is increasingly

reported in multi-scale ecosystem-service and land-cover studies [19-20]. For that reason, the LULC-PET
relationship in this study was examined at three nested spatial scales rather than a single aggregation level:

a. Grid-cell scale. The finest unit of analysis, using the 500 individual 30 m-resolution grid cells directly capturing
local heterogeneity in land cover composition and PET.

b. Local Government Area (LGA) scale. Grid cells were aggregated by zonal statistics to the 25 LGAs of Niger
State, averaging LULC percentages and PET values within each administrative unit. This intermediate scale
reflects the level at which land-use planning and water resource decisions are typically made.

c. State-wide scale. All grid cells were pooled into a single state-wide mean for each study year, representing the
broadest level of aggregation and corresponding to the scale used in most prior LULC-PET assessments.

At each scale, Pearson correlation coefficients between PET and each LULC class (Bare Surface, Built-up
Area, Cropland, Forest, Grassland, Waterbody) were computed independently, and the resulting correlation
matrices were compared across scales to assess whether relationships strengthened, weakened, or reversed sign
with increasing aggregation. This mirrors the approach used in multi-scale studies linking land cover composition
to hydrological and ecosystem functions, where the explanatory power of individual land cover classes has been
shown to vary considerably between fine-grained and coarser spatial units [21]. Zonal statistics and map algebra
operations were carried out in a GIS environment to generate the LGA-level aggregates, with all datasets
standardized to a common spatial resolution and projection prior to aggregation to ensure compatability.

2.2.5 Statistical Methods

Descriptive statistics were used to summarize LULC and PET at each spatial scale and observation year.
Percentage change was calculated as:

% Change = ((Valuez — Valuer) / Valuei) X 100 [adapted from standard percentage-change formulation]

Pearson product-moment correlation was used to quantify the linear association between PET and each
LULC class. Independent-samples t-tests compared PET between two LULC-based groups, while one-way
ANOVA followed by Tukey’s HSD test compared PET among three or more groups. Statistical significance was
evaluated at o = 0.05. The Conversion Intensity Index (CII) was calculated as the cumulative absolute percentage
change across the six LULC classes between 2004 and 2024; thresholds were defined using the Jenks Natural
Breaks method. Long-term PET trends for 1970-2024 were evaluated with the Mann—Kendall test, and Sen’s
slope was used to estimate the magnitude of monotonic change [22].

Long-term trends in evapotranspiration were assessed using the Mann—Kendall trend test and Sen’s slope
estimator, following [22], to determine the presence, direction, and magnitude of monotonic trends independent
of the LULC-scale comparison. Classification accuracy of the LULC maps was assessed using a confusion matrix
derived from ground reference and high-resolution imagery, reporting overall accuracy, producet’s and uset’s
accuracy, and the Kappa coefficient [23].

Microsoft Excel 2024 served as the primary platform for database management, descriptive statistics, and
change calculations. IBM SPSS Statistics v26 was used for outlier detection, correlation, regression, and
comparative tests. ArcGIS 10.5 supported LULC classification, zonal aggregation to the LGA scale, and spatial
visualization of PET and LULC patterns across scales.

3. Results and Discussion
3.1 Land Use/Land Cover Dynamics in Niger State (2004-2024)

Table 1 shows the LULC composition for 2004, 2014, and 2024. In 2004, Bare Surface represented 42.11%
of the mapped area, followed by Grassland (34.39%) and Cropland (12.14%). By 2014, Grassland had increased
to 54.15% and Cropland to 25.68%, while Bare Surface declined sharply to 0.02%. By 2024, Grassland had
increased further to 74.51%, while Cropland declined to 12.82% and Forest to 8.73%. Built-up Area increased
progressively from 0.19% in 2004 to 0.60% in 2014 and 1.14% in 2024. Waterbody also increased from 1.44% to
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2.76%. The continuous increase in grassland and built-up land is consistent with reported savanna degradation
and peri-urban expansion in West Africa and sub-Saharan Africa [24-25]. See Table 1.

Table 1: Composition of the LULC classes across the three observation years.

LULC Class 2004 (%) 2014 (%) 2024 (%) Overall Change 2004-2024 (%)
Bare Surface 42.11 0.02 0.05 —99.89

Built-up Area 0.19 0.60 1.14 +485.74

Cropland 12.14 25.68 12.82 +5.66

Forest 9.73 17.37 8.73 -10.27

Grassland 34.39 54.15 74.51 +116.68

Waterbody 1.44 2.18 2.76 +91.04

The pronounced 2004-2014 reduction in Bare Surface and the 2014 peak in Cropland and Forest should,
however, be interpreted cautiously. Differences in image-acquisition season can alter the spectral appearance of
senescent grass and actively growing vegetation, producing apparent changes that are partly classificational rather
than physical [23-26]. Accordingly, Built-up Area and Waterbody, which changed monotonically across all three
dates, provide more defensible indicators of directional land-cover change. This limitation is important when
interpreting the subsequent fine-scale correlations because classification artefacts can propagate into derived
LULC percentages.
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Figure. 2: LULC Map of Niger State (2024)

3.2 Temporal and Spatial Patterns in Potential Evapotranspiration
3.2.1 Temporal trend (state-wide scale).

Table 2 presents the state-wide PET statistics in chronological order. Mean annual PET increased slightly
from 1631.7 mm in 2004 to 1636.4 mm in 2014, before declining to 1623.2 mm in 2024; the net change over
2004—-2024 was only 0.52%. ANOVA indicated no statistically significant difference among the observation years
(p > 0.05). In contrast, spatial variability increased progressively: the standard deviation rose from 9.8 mm in 2004
to 19.1 mm in 2014 and 24.0 mm in 2024, while the coefficient of variation increased from 0.6% to 1.4%. The
stable mean alongside increasing dispersion indicates that PET demand became more spatially heterogeneous even
though the state-wide average changed little. This finding agrees with studies emphasizing the dominant influence
of climatic variables on regional evapotranspiration while recognizing that land cover modifies local surface-energy
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partitioning [16-27-28]. Similar averaging effects have been described in spatial analyses where heterogeneous local
relationships become muted after aggregation [29]. See Table 2.

Table 2: Descriptive statistics of state-wide mean annual PET

Year Mean (mm) Min (mm) Max (mm) SD (mm) CV (%)
2004 1631.7 1614.5 1645.6 9.8 0.6
2014 1636.4 1613.3 1666.5 19.1 1.1
2024 1623.2 1586.0 1658.7 24.0 14

3.2.2 Spatial pattern (intermediate, LGA scale)

Table 3 shows that the LGA-scale PET pattern was relatively persistent across the three decades. During
1995-2004, high mean PET occurred in Kontagora (1898.4 mm), Mokwa (1883.1 mm), and Rafi (1882.1 mm),
whereas Gurara (1322.7 mm), Gbako (1362.1 mm), and Bida (1368.2 mm) were among the lower-PET LGAs.
During 2005-2014, the broad spatial ordering remained similar, with Kontagora (1904.6 mm), Rafi (1892.3 mm),
and Mokwa (1886.3 mm) remaining high and Gurara (1329.6 mm) and Gbako (1368.6 mm) remaining
comparatively low. During 2015-2024, Mokwa (1882.4 mm), Rafi (1880.3 mm), and Kontagora (1895.9 mm)
continued to show high mean PET, while Gurara (1319.2 mm), Rijau (1364.8 mm), and Bida (1383.1 mm)
remained comparatively lower. The persistence of this spatial hierarchy suggests that broad climatic gradients exert
a strong control at the LGA scale, with LULC effects superimposed locally. This interpretation is consistent with
regional evidence that temperature and radiation gradients influence evaporative demand across savanna enviro
nments [30]. See Table 3

Table 3: Inter-decadal statistics of PET at LGA scale in Niger State

1995-2004 2005-2014 2015-2024
Mean StDev | CV (%) Mean StDev | CV (%) Mean StDev | CV (%)
Bida 1368.2 114 0.8 1374.2 18.8 1.3 1383.1 20.5 14
Gbako 1362.1 11.2 0.8 1368.6 16.5 1.1 1382.4 20.4 14
Lapai 1812.1 7.7 0.4 1814.4 18.1 0.9 1805.4 29.6 1.6
Mokwa 1883.1 13.3 0.7 1886.3 17.1 0.9 1882.4 25.3 1.3
Agwara 1455.4 16.7 1.1 1460.9 20.7 1.3 1437.7 40.1 2.6
Kontagora | 18984 10.5 0.5 1904.6 19.1 1.0 1895.9 28.1 14
Rijau 1456.5 17.9 1.2 1448.8 45.7 3.0 1364.8 32.7 2.3
Wushishi 1379.1 12.2 0.8 1388.3 213 1.5 1388.5 22.5 1.5
Gurara 1322.7 9.1 0.7 1329.6 20.0 1.4 1319.2 24.3 1.7
Minna 18206.6 7.7 0.4 1834.0 21.5 1.1 1823.8 31.3 1.6
Paiko 1812.1 7.7 0.4 1814.4 18.1 0.9 1789.1 40.6 2.2
Rafi 1882.1 7.6 0.4 1892.3 22.6 1.1 1880.3 32.0 1.6
Shiroro 18206.6 7.7 0.4 1834.0 21.5 1.1 1823.8 31.3 1.6
Suleja 1778.3 6.7 0.4 1781.0 18.6 1.0 1770.1 29.8 1.6

3.2.3 Grid-Cell (Fine) Scale Relationship between LULC and PET

Table 4 presents the pooled Pearson correlation matrix for the 1,500 grid-year observations. PET showed
strong positive correlations with Forest (r = 0.83) and Cropland (r = 0.74), while correlations were negative with
Built-up Area (r = —0.70), Grassland (r = —0.64), and Waterbody (r = —0.58). [31-32]. The negative Built-up—
PET relationship is consistent with the reduction in vegetated and permeable surfaces associated with urbanization
and changes in the partitioning of available energy [33-34]. The negative Grassland association should be
interpreted in the context of the study’s mapped land-cover composition and the strong correlations among LULC
classes rather than as evidence that grassland intrinsically suppresses PET under all conditions [35]. See Table 4

Table 4: Pearson correlation matrix between LULC classes and PET (n = 1,500)

Bare Surface | Built-up | Cropland | Forest | Grassland | Waterbody | PET
Bare Surface 1
Built-up —0.82 1
Cropland —0.54 —0.03 1
Forest —0.41 —0.18 0.99 1
Grassland —0.86 0.99 0.04 —0.11 1
Waterbody —0.90 0.99 0.11 —0.04 0.99 1
PET 0.17 —0.70 0.74 0.83 —0.64 —0.58 1
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The LULC predictors themselves were highly intercorrelated; for example, Built-up Area, Grassland, and
Waterbody showed pairwise correlations of approximately 0.99 in the pooled grid dataset. This indicates strong
compositional dependence among percentage-based LULC variables and warns against interpreting individual
correlation coefficients as independent causal effects. Any future multivariable regression should therefore assess
multicollinearity using variance inflation factors before interpreting regression coefficients [306].

The contrast between the fine and broad scales is the central finding. At the grid-cell scale, PET showed
strong associations with several LULC classes, with |r| reaching 0.83. However, the same period produced only
a 0.52% change in state-wide mean PET despite neatly fivefold built-up growth and more than doubling of
grassland share. This attenuation after aggregation is consistent with multi-scale research showing that
relationships between land cover and environmental functions can weaken, change magnitude, or change the
dominant explanatory variable as the spatial unit becomes coarser [7-19-21] further showed that spatial aggregation
can affect the surface parameters used in satellite-based evapotranspiration estimation. Thus, the weak state-wide
signal should not be interpreted as evidence of an absence of local LULC influence; it indicates that heterogeneous
local effects are partly averaged out.

At the LGA scale, the persistence of relatively high- and low-PET areas between periods suggests an
intermediate response. Minna, Shiroro, Rafi, and Mokwa remained among the higher-demand areas, whereas
Gurara, Wushishi, Gbako/Bida, and Rijau were generally lower. The stability of these zones despite local LULC
turnover supports the interpretation that climatic gradients dominate the broad LGA signature, while land-cover
differences contribute to within-LGA variation. This intermediate pattern links the strong fine-scale associations
to the muted state-wide mean.

1.3 Long-Term Trend Analysis of Potential Evapotranspiration (1970-2024)

Table 5 summarizes the 1970-2024 Mann—Kendall and Sen’s slope results. Statistically significant increasing
trends were detected for Bida (Z = 3.66, p < 0.001), Gbako (Z = 4.68, p < 0.001), Mokwa (Z = 2.81, p < 0.01),
Kontagora (Z = 2.81, p < 0.01), Rafi (Z = 2.62, p < 0.01), Lapai (Z = 2.05, p < 0.05), Wushishi (Z = 2.39, p <
0.05), Minna (Z = 2.07, p < 0.05), and Shiroro (Z = 2.07, p < 0.05). Rijau showed a significant decreasing trend
(Z = —2.69, p <0.01), whereas Agwara, Gurara, and Paiko did not show statistically significant trends at o = 0.05.
These long-term results complement the 2004-2024 spatial comparison: short-period state-wide means may
remain stable even when the longer climate record shows significant monotonic trends in individual areas. Earlier
analysis by [37] also reported significant increases in evapotranspiration during March, April, May, November, and
the dry season overall. The agreement supports the interpretation that climatic forcing has increased evaporative
demand over parts of Niger State, while the fine-scale LULC associations represent an additional spatial
modulation of PET. Regional evidence of increasing evaporative ~ demand under warming conditions in West
Africa provides further context for this result [30-38]. See Table 5.

Table 5: Mann—Kendall trend statistics and Sen’s slope estimates of PET for areas within Niger State (1970—

2024)

Time series Mean StDev Test Z Q

Bida 1366.6 22 3.66%FF 0.732
Gbako 1359.0 24 4.68%%* 0.932
Lapai 1802.9 26 2.05*% 0.459
Mokwa 1873.1 28 2.87%* 0.719
Agwara 1446.0 27 1.28 0.332
Kontagora 1888.9 28 2.81** 0.711
Rijau 1431.0 44 -2.69%* -1.146
Waushishi 1378.6 22 2.39% 0.539
Gurara 1318.5 21 1.61 0.283
Minna 1820.2 27 2.07* 0.479
Paiko 1799.9 29 1.22 0.278
Rafi 1874.0 29 2.62%* 0.669
Shirotro 1820.2 27 2.07* 0.479
Suleja 1769.0 25 1.85+ 0.359

Note: *** indicates statistical significance at o = 0.001; ** at o = 0.01; * at o« = 0.05.
The results across the three spatial scales provide a coherent chronological interpretation. First, the 2004—

2024 LULC record shows substantial landscape transformation, most reliably expressed by continuous grassland
expansion and continuous built-up growth (Table 1). Second, the PET observations show that the state-wide mean
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remained relatively stable from 2004 to 2024, while spatial dispersion increased (Table 2). Third, the LGA results
demonstrate that the geography of relatively high- and low-PET zones persisted across the observation periods
(Table 3). Finally, the fine-scale correlation analysis shows that individual LULC classes were strongly associated
with PET (Table 4), whereas aggregation to the state level substantially weakened the apparent relationship. This
scale gradient is consistent with the modifiable areal unit problem and with previous multi-scale studies showing
that aggregation can weaken or alter observed land-cover—environment relationships [19-21]. The independent
19702024 trend analysis further indicates that climatic forcing has contributed to increasing evaporative demand
in several LGAs, particularly during the dry-season months reported previously for Niger State [37]. Taken
together, the findings suggest that climate and land cover operate simultaneously but become visible at different
spatial and temporal scales. Therefore, state-wide PET stability should not be interpreted as evidence that LULC
change has no local effect; rather, the strong grid-level associations indicate localized land-surface controls that
are masked by spatial aggregation.

4.Conclusion

This study determined the relationship between land use/land cover change and potential evapotranspiration
in the Guinea Savanna ecosystem of Niger State. Between 2004 and 2024, grassland expanded to 74.51% of the
state and built-up area increased from 0.19% to 1.14%. At the grid-cell scale, PET was strongly positively
associated with Forest and Cropland and negatively associated with Built-up Area, Grassland, and Waterbody. At
the state-wide scale, mean annual PET changed by only 0.52% and showed no statistically significant inter-annual
difference, although its spatial variability increased substantially. The LGA scale showed a persistent spatial
hierarchy of relatively high- and low-PET zones. These results demonstrate that the observed LULC-PET
relationship depends strongly on the spatial unit of analysis.

From a management perspective, the results support the use of grid-cell and LGA-level information for
localized irrigation scheduling, drainage planning, land-use regulation, and climate adaptation, while state-wide
averages remain useful for regional water-balance planning. The study also identifies an important limitation: the
unusually large changes in Bare Surface, Cropland, and Forest may partly reflect differences in Landsat image-
acquisition season and associated classification effects. Future research should therefore use seasonally matched
imagery, report formal LGA-level correlation statistics from the underlying grid database, and incorporate
additional climatic controls where available. Such improvements would strengthen attribution of PET changes
between climatic forcing and land-cover transformation.
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