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Assessment of Vegetation Dynamics in a Semi-Arid
Environment using Fuzzy Logic and Geospatial
Approach: Evidence from Ngala Local Government
Area, Borno State, Northeastern Nigeria

ABSTRACT

Semi-arid landscapes, particularly in conflict-affected regions such as northeastern Nigeria are
exceptionally vulnerable to both climatic variability and anthropogenic disturbance, making the monitoring
of vegetation dynamics crucial for ecological resilience and sustainable resource management. This study
intends to the integrate fuzzy logic with geospatial techniques to assess the vegetation dynamics in Ngala
Local Government Area, from 2009-2024 and temporal intervals of five Iyearl were analyzed to capture
spatiotemporal variations. Datasets from the Moderate Resolution Imaging Spectroradiometer (MODIS)
and the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) were processed in
Google Earth Engine to analyze the nexus between vegetation dynamics and climatic parameters. The map
visualization and layout were subsequently carried out in ArcGIS 10.8. Fuzzy Vegetation Risk Index (FVRI)
and regression analysis were utilized to examine the vegetation vulnerability and ecological responses.
Results of the study shown that rainfall increased from 527.07mm in 2009 to 692.85mm in 2019, before
declining to 523.18mm in 2024, while LST decreased from 38.57°C to 35.27°C during the same period.
Furthermore, NDVI yielded a similar trend, peaking at 0.351 in 2019 after declining to 0.324 in 2024.
Regression results revealed a weak positive correlation between NDVI and rainfall (R?=0.254) and a strong
negative correlation with LST (R?=0.696). FVRI analysis further revealed three vegetation phases, stability
in 2009-2014 (82.8%), substantial improvement (99%) in 2014-2019 and a reversal toward 90%
degradation during 2019-2024. This study ascertained that vegetation in semiarid environment |is|
susceptible to climate fluctuations and human activities which highlighting the need for intervention to
strengthen ecological resilience to support SDG 13 (Climate Action).
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INTRODUCTION

Vegetation in semi-arid landscape plays a crucial role in regulating ecological, climatic, and anthropogenic
interactions which significantly influence biodiversity, ecosystem services, and human livelihoods. The
Semi-arid environments are characterized by irregular rainfall patterns, high evapotranspiration rates, and
susceptible to environmental degradation as well as climate variability (Yan et al., 2022; Mukete et al.,
2024). Globally, dryland environments account for over 41% of the Earth's land surface excluding North
Atlantic region and providing sustenance for over 2 billion people across the region (Sardans et al., 2024;
Dzvene et al., 2025).
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In sub-Saharan Africa (SSA) region where drylands are predominated, vegetation dynamics are intensified

and triggered by climatic variability and anthropogenic pressures (Hoscilo et al., 2015; Nzabarinda et al.,
2021). Nigeria, the "giant of Africa" and one the most populous country in the region also reflects these
challenges with its northern parts experiencing accelerated environmental pressures due to both natural
and human stress like deforestation, overgrazing, land use and landcover changes and conflict related
displacements (Okon et al., 2021; Abubakar et al., 2025). Borno State, which situated at the heart of the
Lake Chad basin experienced a significant vegetation dynamic over the past decades, having a serious
consequence for local communities that largely depend on Agricultural practices as major source of
livelihood (Laminu, 2011). Thus, monitoring of vegetation dynamics in such regions is highly important for
sustainable ecological management. However, the conventional vegetation monitoring often fails to capture
the nature such complex semi-arid ecosystem (Shettima, et al 2025; Ingle et al., 2025), thereby
necessitating the integration of fuzzy logic with geospatial techniques. By employing fuzzy and geospatial
approach this study provides a more in-depth understanding of vegetation dynastic in the region.

The advancements in Geospatial technologies over the past decades have significantly enhanced the
process of studying vegetation dynamics across spatiotemporal scale. In semi-arid environments, these
technologies have become a novel approach for monitoring and assessing vegetation indices such as the
Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) which provide a
quantitative measure for vegetation health and density (Uscanga, 2023; Zhao et al., 2024). Furthermore,
geospatial modeling improved these assessments by integrating spatial data and climatic parameters into
a predictive Approaches using machine learning algorithms (Singha, et al. 2024). Fuzzy logic has emerged
as a powerful Model for handling the uncertainties inherent in environmental data which introduced by Lotfi
A. Zadeh in [1965], It allows partial memberships, making it powerful mathematical tool for modeling vague
concepts like healthy vegetation or degraded vegetation in dynamic ecosystems (Kumari, 2025). Recent
applications include Evaluating land suitability for spatial planning in arid regions (Akbari et al., 2019),
detection of desertification-prone areas (Shiravi & Sepehr, 2017), Smart soil health monitoring (Prasad et
al., 2023) and Combination of fuzzy-AHP and GIS techniques in land suitability assessment for wheat
cultivation. (Kilic et al., 2022). In the context of the African continent, several studies have employed fuzzy
logic and GIS in semi-arid zones to study land suitability for surface irrigation (Haile & Abebe, 2022) and an
irrigation improvement system for Nigerian agricultural fields (Ifeagwu & Okafor, 2024).

In spite of the novelty and advancements in fuzzy logic and geospatial approaches 'sighificant gaps persist

in application to vegetation dynamics studies particularly in conflict affected regions like Borno State,
Nigeria. Moreover, vegetation studies in Borno State largely employ only conventional GIS and remote
sensing (Bukar et al., 2020; Bukar et al., 2024) without fuzzy model enhancements. Furthermore, few
studies address the nexus between anthropogenic factors and natural drivers like climate variability.
Therefore, this study bridges the gap by employ fuzzy logic-based framework for assessing vegetation
dynamics in the semi-arid environment using Ngala LGA, Borno State, Nigeria as case study.

2. STUDY AREA AND METHODOLOGY
2.1. Study Area

Ngala Local Government Area (LGA) is located in Borno State, northeastern Nigeria and bordering
Cameroon. It is located between latitude 12°0'0"N and 12°36'0"N and longitudes 14°0'0"E and
14°24'0"(Fig.1). Covering approximately 1, 342.8 km? with a population of over 237,000 at the 2006 census,
primarily Kanuri and Hausa/Fulani speakers are the dominant, the area characterized by semi-arid climatic
conditions, with significant seasonal variations in rainfall and temperature. The daily average temperatures
are high throughout the year ranging between 25° C to 44° C whereas lower temperature is recorded in
January and the highest in April. The rainy season lasts for about 60 days with annual rainfall of less than
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700 mm (Laminu, 2011). It has elevation generally less than 320m above sea level (Fig. 1). The study area
is dominated by flat plains of Lake Chad (Vertisols). These are heavy dark clay soils (locally called firgi or
Firii), which develop wide cracks during the dry season(Shettima And Hassan, 2025). The Local
government generally drained by seasonally receding River (Ebeji) whose peak flows are recorded during
the month of November and December (Shettima and Hassan, 2025) and influenced by the Chad Basin's

structural depression. Vegetation cover is predominantly savannah and cropland, which are sensitive to
climatic variability and anthropogenic pressures. Agricultural practices are major socioeconomic activity in
the LGA be it land cultivation, fishing or nomadism. It is a source of animal protein in this country being one
of the producers of livestock and livestock products (Shettima and| Hassan, 2025).
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Fig 1: Description of the Study Area: (A) Nigeria showing Borno State, (B) Borno State Showing
Ngala LGA, (C) Ngala Local Government Area (Study Area)

Source: Department of Environmental Science Integral University Lucknow and Author’s work (2025)
2.2. Methodology

The three primary datasets utilized in this study include rainfall, land surface temperature (LST), and the
Normalized Difference Vegetation Index (NDVI) for the years 2009, 2014, 2019, and 2024. For each study
year, annual mean data were computed with five years interval (Fig..2). This temporal scope was adopted
to ensure consistency across study years to avoid misleading trends (Tveito, 2023). All datasets were
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accessed and processed through Google Earth Engine (GEE) (Table 1), [cloud-based platform that
developed by Google to address big data analysis challenges while also allowing the processing of huge
amounts of remote sensing data over large areas and long-term environmental monitoring (Ghosh et al.,
2022). jAll raster datasets were spatially constrained by clipping them to the administrative boundary of
Ngala LGA. Temporal filtering was subsequently applied, whereby MODIS NDVI and LST collections were
restricted to the designated study years (2009, 2014, 2019, and 2024), and CHIRPS rainfall data were
aggregated into annual totals. Band selection and scaling procedures were also undertaken, with NDVI
extracted from the MOD13Q1 product and adjusted using a scale factor of 0.0001, while MODIS LST
measurements were converted from Kelvin to degrees Celsius using the recommended scale factor of 0.02.
The framing, visualization, and map layout were subsequently carried out in ArcGIS 10.8.
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Fig.2: Methodological Flow chart

Table 1: The Source and Datasets used for the Study

Data Type Dataset Spatial Links Temporal Purpose
Resolution Coverage
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NDVI MODIS 250 m https://earthexplore  2009-2024 Annual mean NDVI
MOD13Q1 r.usgs.gov/ calculation for
NDVI V6.1 vegetation trend
analysis
Precipitation CHIRPS 0.05° (~5 https://www.chc.ucs 2009-2024 Annual rainfall
(Rainfall) km) b.edu/data/chirps accumulation for
climate variability
analysis
Land  Surface MODIS 1 km https://earthexplore  2009-2024 Annual mean land
Temperature MOD11A1 r.usgs.gov/ surface temperature
(LST) LST V6.1 estimation
Administrative FAO(Global Vector http://www.fao.org/  Static Study area
boundary Administrative geonetwork/srv/en/ delineation (Ngala
Unit  Layers) main.home LGA)
Dataset

2.2.1 Normalized Difference Vegetation Index (NDVI)

The Moderate Resolution Imaging Spectroradiometer (MODIS) MOD13Q1 Version 6.1 dataset was used
to derive the Normalized Difference Vegetation Index (NDVI) at a 250m spatial resolution and a temporal
resolution of 16 days (Anees et al., 2024). This dataset was widely used for change detection in vegetation
health and growth, especially in semi-arid regions dGhoIamnia et al. 2019|). NDVI values range from -1 to
+1, with values >0.4 indicating healthy vegetation and <0.2 signifying sparse or degraded cover [(Afra, et
al 2024; Bartold, et al 2024). NDVI was computed (equation 1).

NIR-RED
NIR+RED

NDVI =

(Eq1)

Where: NIR = surface reflectance in the near-infrared band (841-876 nm) and RED= reflectance in the red
band (620670 nm). (lPadawaIe et al., 2025; Nitu, et al 2025]. For each year, the annual mean NDVI was
computed (equation 2)

€2

NDVly = =57 NDVI;

Where: n = number of 16-day composites in yeary.
2.2.2 Vegetation Change Detection

NDVI change detection was performed for the periods 2009-2014, 2014-2019 and 2020-2024 which

computed using equation 3.
ANDVI = NDVI, , — NDVI (Edl 3)

NDVI Classification thresholds were applied. The vegetation cover maps are presented by thresholding
NDVI values. The threshold values of the cover types were adopted from Mehta et al., (2021) (Table 2).
These thresholds were derived from sensitivity analyses on NDVI variability in semi-arid regions.

Table 2: NDVI Value Threshold

Cover Type NDVI Value Threshold Description
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Water <-0.046 No vegetation presence

Bare Soil <0.25 No significant vegetation cover
Sparse Vegetation <0.35 Vegetation degradation
Moderate Vegetation <0.50 Stable vegetation cover

Dense Vegetation <1.00 Vegetation improvement

Souirce: Mehta et al., (2021)
2.2.3. Rainfall

The Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) dataset provided quasi-
global daily rainfall estimates at 0.05° (~5 km) resolution from 1981 to near-present (Shen et al., 2020).
CHIRPS blends satellite infrared observations with in-situ rain gauge measurements to produce reliable
precipitation data with high-resolution and long-term records. (Ahana et al., 2024). Annual rainfall totals
were derived from CHIRPS daily precipitation data by temporal aggregation using equation 4.

Ry =130.Py (Eq.4)
Where: Ry= total rainfall for year y,

Pd= precipitation on day d,

n = number of days in the year.

2.4 Land Surface Temperature (LST)

The MODIS MOD11A1 Version 6.1 dataset provides daily LST at 1 km resolution which retrieved from
thermal infrared bands using the generalized split-window algorithm (TAN ET AL. 2021). LST serves as a
proxy for thermal stress on vegetation, with higher values indicating potential drought conditions
(CHOUDHURY, 2024) [The annual mean LST for each year was computed (Equation 5).

LSTy =~ LST, (‘Eq‘. 5)
Where: LST;= daily LST observation,
n= number of daily observations in yeary.

2.5. Fuzzy Vegetation Risk Index (FVRI)

Fuzzy Vegetation Risk Index (FVRI) approach was utilized to vegetation vulnerability. |This approach follows
earlier applications of fuzzy modelling with NDVI for drought, Desertification, and vegetation risk
assessment (Wang et al., 2015; Semeraro et al.,, 2019; Huang et al., 2023) which allows gradual
classification of vegetation condition from degraded to healthy states rather than relying on binary output.
It integrates NDVI change thresholds with fuzzy logic (Equation 6)

2, if ANDVI(x,y) > 0.05 (Improvement)
FVRI(x,y) = {1, if ANDVI(x,y) < —0.05 (Degradation)
0, if —0.05 < ANDVI(x,y) < 0.05 (No Change)

where:  ANDVI(x,y) = NDVI, ,(x,y) — NDVI, ;(x,y)  (Eq. 6)
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x,y= pixel coordinates in between two time periods t,and t,.

The thresholds +0.05 are used to determine significant changes in vegetation condition. Vegetation classes
(improved, degraded, stable) were converted into areas in hectares (equation 7) and percentages using
pixel area (equation 8). The spatial extent of each FVRI class and fuzzy membership was computed in
hectares:

A, = Z’ivc PixelArea; (‘Eq‘. 7)
%A = 72 x 100 QEq‘. 8)

where N, = number of pixels in classc,andAq, = total LGA area.
2.6. Regression Analysis

Relationship between NDVI and rainfall: Vegetation healthl is btrongly influenced by rainfall availability. A
simple linear response model (equation 9).

NDVI=a-P +¢ (Eq. 9)

Where: NDVI = vegetation greenness index

P = rainfall (mm/year, from CHIRPS)

a= sensitivity coefficient (how strongly NDVI responds to rainfall)
€ = residual term accounting for other environmental factors

Relationship between NDVI and LST: A simple regression cah| describe the dependence of NDVI on LST

(equation 10).

NDVI = 8 - LST + ¢ (Eql 10)

Where: NDVI = Normalized Difference Vegetation Index

LST= Land Surface Temperature (°C, derived from MODIS or Landsat thermal bands)

B= regression coefficient indicating the rate of NDVI change per unit increase in temperature
¢ = residual term (unexplained variance due to soil, rainfall, human activity, etc.)

Scatter plots with fitted regression lines were generated to visualize direct (NDVI-Rainfall) and inverse
(NDVI-LST) associations.

3. RESULT AND DISCUSSION
3.1. Spatiotemporal Variation Among Rainfall, Land Surface Temperature (LST), and NDVI

Vegetation greenness in the semi-arid environments is closely related to seasonal rainfall and LST
distribution over different ecological zones (Ayanlade et al., 2021; Zeng et al., 2023). Seasonal rainfall and
LST distribution are critical factors influence vegetation dynamics in this semi-arid Sahelian environment
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(Li et al., 2025). Fig. 3 shows the annual mean rainfall, land surface temperature (LST) and NDVI in Ngala
LGA from 2009 to 2024.
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Fig. 3: Annual mean variations of: (A) Rainfall, (B) Land Surface Temperature variation, (C) NDVI
trend for Ngala LGA (2009-2024).

Rainfall pattern shown an increasing from 527.07 mm in 2009 to 692.85 mm in 2019 and subsequently
declining to 523.18 mm in 2024 (Fig. 3(A)). LST shown a steady decreasing from 38.57 °C in 2009 to 35.27
°C in 2024 (Fig. 3(B)). However, the NDVI yielded rising trend from 0.27 in 2009 to a peak of 0.351 in 2019
before slightly decline to 0.324 in 2024 (Fig. 3(C)). These results indicate strong positive correlation
between rainfall and NDVI implying that increased precipitation improves vegetation greenness. Contrarily,
an inverse relationship was observed between LST and NDVI, indicating that higher land surface
temperatures are associated with vegetation degradation. This finding corroborate study conducted in semi-
arid Basin of Western China By Li et al., (2025) where Vegetation indices are positively correlated with



precipitation and high temperatures leading to a decline in greenness and a negative correlation between
LST and NDVI.

3.2. Mean NDVI Change Trend (2009-2024).

The mean NDVI change trend between 2009 and 2024 indicates a dynamic trajectory in vegetation
greenness, reflecting both periods of improvement and degradation (Fig. 4). Such fluctuations indicates
that vegetation cover in semi-arid environments is influenced by multiple drivers including Climate variability
and anthropogenic activities (Deng et al., 2022). Fig. 5 summarizes the variation of vegetation cover
between 2009-2014, 2014-2019, and 2019-2024 in Ngala LGA, from strongest greening occurred during
2014-2019 (+0.289) to stronger negative shifts (-0.186) during 2019-2024, reflecting vegetation degradation
in parts of the LGA.
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Fig. 4: Mean NDVI Maps of Ngala LGA for: (A) 2009, (B) 2014, (C) 2019, (D) 2024



NDVI Mean Changes

Fig. 5: Mean NDVI change rates (2009-2024).

The increase in NDVI between 2014 and 2019 (Fig. 5) indicates favorable climatic conditions relatively
associated with years rainfall above the average. Similar patterns have been observed in the semi-arid
region, where vegetation indices typically rise following wet years and decline during droughts (Rousta, et
al. 2020). conversely, the decline between 2019 and 2024 demonstrates irregular rainfall patterns which
reduce greenness(Fig.5). These findings are consistent with broader Sahel studies that em[phasize] the
sensitivity of vegetation cover to short-term climate variability (Lu et al., 2024; Ahmed, et al 2024)

Anthropogenic factor also plays a significant role in vegetation cover dynamics (Feng et al., 2020). In the
study area, Livelihoods heavily depend on rainfed Farming, livestock grazing, and fuelwood collection like
many other semi-arid regions. The gradual improvement in vegetation greenness up to 2019(Fig.5) may be
attributed to reduction of human activity in insecure rural area as result of Insurgency which allowed for
short-term vegetation regeneration. This finding is consistent with study conducted in the region by Shettima
et al., (2025), where vegetation gains prior to the peak insurgency years were gradual, while a sharp
increase during peak insurgency resulted from reduction of anthropogenic disturbance. However, as
displaced populations resettled in concentrated safe zones, the demand for land and fuelwood increased,
contributing to localized vegetation degradation during 2019-2024(Fig.5). Therefore, the impact of conflict
on climate variability functioned both direct and indirect, depending on the changes in non-climate variables
such as water security, yield, and incomel (Xie et al., 2022).

3.3. Regression Analysis between NDVI, Rainfall, and LST

The regression analysis between NDVI, rainfall, and LST reveals important ecological insights into
vegetation dynamics between 2009 and 2024 (Fig. 6). [NDVI and climatic variables relationship across
different vegetation types is critical to predicting the vegetation dynamics and effective ecological
restoration management (Gao, et al 2022; Mehmood, et al. 2024)|

3.3.1. Rainfall vs NDVI and LST vs NDVI

The regression equation obtained was: NDVI = 0.173 + 0.000226 - Rainfall, R? = 0.254(Fig. 5A) This
indicates a positive but weak relationship between rainfall and NDVI. The result demonstrate that higher
rainfall generally supports an increase in vegetation greenness however, the relatively low coefficient of
determination (R? = 0.254) implies that rainfall alone explains only about 25.4% of the variation in NDVI
and Other factors such as anthropogenic pressure plays a significant role in determining vegetation health.
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Relevant studies in semi-arid region suggest also a weak positive correlation between vegetation NDVI and
interannual precipitation (Lu et al., 2025) which is consistent with the findings of this study.
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Fig.6: Regression analysis between: (A) NDVI and Rainfall, (B) NDVI and LST

The regression equation obtained was: NDVI = 1.027 — 0.019388 - LST, R? = 0.696 (Fig.6B). This reveals
a strong negative relationship between LST and NDVI. As land surface temperature increases, NDVI
decreases significantly indicating that vegetation greenness is highly sensitive to LST With an R? = 0.696,
approximately 69.6% of the variation in NDVI. A study carried out in Thailand reported also negative
correlation between LST and NDVI and various factors, including seasonal variations, spatial heterogeneity,
and anthropogenic activities influenced the relationship (Kliengchuay et al., 2025). This finding is
ecologically consistent as the high temperatures increase evapotranspiration rates and soil moisture
depletion which coincide with drought conditions and land degradation processes, particularly in semi-arid
ecosystems (Olagunju, 2015; Dai, et al 2022)

3.4. Fuzzy Vegetation Risk Index (FVRI)

The FVRI for Ngala LGA across the three periods (2009-2014, 2014-2019, and 2019-2024) yields important
spatiotemporal transitions in vegetation condition (Fig.7). For 2009-2014 period (Fig. 7A), the FVRI values
clustered between -0.0499 and -0.0018 (Degraded) -0.0018 and 0.0304 (Stable), and >0.0304
(improvement), indicating a mosaic landscape where localized degradation coexisted with broad areas of
stability and resilience. By 2014-2019, the classification ranges from —0.0494 to 0.0390 and >0.0390 (Fig.
7B) where vegetation improvement was observed in the majority of the areas indicating optimal vegetation
conditions across most of the study area. Nevertheless, during 2019-2024, the FVRI classes ranges from
-0.0499 to -0.0178, -0.0178 to 1.0031 and >1.0031 (Figure 16) revealed a marked expansion of degraded
areas, with very few areas exceeding the healthy threshold, confirming the severe decline detected in the
aggregated statistics ~90% degradation (Fig. 7C). This progression shows a temporal trajectory from mixed
conditions (2009-2014), to widespread improvement (2014-2019) and finally to severe degradation (2019-
2024). Such dynamics are consistent with Vegetation responses in the semi-arid environment where
significant greening following wet years, but this recovery is often fragile subsequent droughts, heat stress,
and anthropogenic pressures can rapidly reverse gains in vegetation cover and productivity (Vicente-
Serrano et al., 2013; Verbruggen et al., 2021). (Fig. 8) shows Vegetation changes (area in hectares) in
Ngala LGA,
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Fig. 7: FVRI for Ngala LGA from: (A) 2009-2014, (B) 2014-2019 (C) 2019-2024
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Fig. 8: Vegetation Changes Area (Hectares) over the Study Period in Ngala LGA

The result demonstrates a clear temporal shift in vegetation across the study periods. Between 2009 and
2014, vegetation remained largely stable, with approximately 82.8% (18,151 ha) of the land classified as
healthy (Fig. 8) and 17.2% (3,741 ha) experiencing degradation. A significant improvement occurred during
2014-2019 (Fig. 8) when vegetation health peaked at over 99% (84,336 ha), indicating favorable climatic
conditions and reduced stressors. However, this trend was drastically reversed in the subsequent period
(2009-2024), with nearly 90% (36,099 ha) of vegetation degraded and less than 10% (3,927 ha) remaining
healthy (Fig. 8). These findings are consistent with several reports on declining in semi-arid vegetation



resilience as a result of increasing climatic variability and human illegal activities significantly reduced
(Kiribou et al. 2025).

4. CONCLUSION AND RECOMMENDATION

This study highlighted a strong sensitivity of vegetation cover to both climatic variability and anthropogenic
pressure in a semi-arid landscape. Rainfall reflects positive but weak influence on the vegetation
greenness, simultaneously land surface temperature reflects a strong negative relationship with vegetation,
indicating the vulnerability of semi-arid ecosystems to rising temperatures. Furthermore, findings on
temporal trends demonstrated a significant greening between 2014 and 2019, followed by widespread
degradation after 2019, depicting a combined effect of climatic variation, rising human pressures and
Conflict related land-use changes. The Fuzzy Vegetation Risk Index further affirmed that vegetation health
peaking at over 99% in 2019 before drastically declining to nearly 90% degradation by 2024. These findings
emphasize the vulnerability of semi-arid ecosystems and the critical need for climate resilient vegetation
management strategies such as afforestation, rangeland restoration, and sustainable agriculture to support
the Sustainable Development goals (SDG 13) Climate Action and (SDG 15) Life on Land. Moreover, this
study indicate that Fuzy logic and geospatial techniques Integration can not only enables real time
monitoring of vegetation but also handling the uncertainties inherent in spatial data and climatic parameters.
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