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Abstract

Rapid urbanisation has accelerated the loss of urban green infrastructure in many cities of the Global South, intensifying Urban Heat
Island (UHI) effects and posing significant challenges to sustainable urban development. Despite growing interest in the cooling role of
urban vegetation, limited attention has been given to integrating long-term green infrastructure dynamics with thermal remote sensing to
support spatially explicit planning interventions in rapidly expanding secondary cities. This study evaluated the spatio-temporal distribu-
tion of Green Infrastructure (GI) and its influence on urban thermal conditions in Owerri Urban, Nigeria, using multi-temporal Landsat
imagery acquired in 2000, 2015, and 2025. Green Infrastructure maps, Normalized Difference Vegetation Index (NDVI), and Land Sur-
face Temperature (LST) were derived and analysed alongside correlation, multiple linear regression, and spatial overlay techniques to
investigate vegetation—temperature interactions and identify priority greening zones. The results revealed a substantial decline in Green
Infrastructure from 72.22% in 2000 to 26.43% in 2025, accompanied by a corresponding increase in non-green areas and progressively
higher land surface temperatures. Statistical analysis showed a strong negative relationship between NDVI and LST (r = -0.772, p <
0.001), while the regression model explained 72.9% of the spatial variation in LST (R? = 0.729), confirming that vegetation density and
built-up intensity are the principal determinants of urban thermal conditions. Spatial overlay analysis further identified priority greening
zones where strategic vegetation restoration is expected to provide the greatest cooling benefits. This study demonstrates that integrating
green infrastructure assessment with thermal remote sensing and spatial prioritisation provides a practical decision-support framework
for climate-responsive urban planning. The findings highlight the importance of protecting and expanding urban green infrastructure as a
nature-based solution for mitigating Urban Heat Islands, for strengthening climate resilience, and advancing sustainable urban infrastruc-
ture.
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1. Introduction

As cities continue to expand, natural landscapes are increasingly transformed into impervious surfaces such as buildings, roads, and
paved infrastructure. Although these developments support economic growth and accommodate rising populations, they also alter the
natural energy balance of urban environments by reducing vegetation cover, limiting evapotranspiration, and increasing heat absorption
and storage [22] [35]. One of the most visible consequences of these changes is the Urban Heat Island (UHI) phenomenon, whereby ur-
ban areas experience significantly higher surface and atmospheric temperatures than their surrounding rural environments [3] [5]. The
persistence of elevated urban temperatures contributes to increased energy demand, deteriorating air quality, heightened heat-related
health risks, and reduced environmental quality, particularly in rapidly developing cities where urban expansion often occurs with limited
ecological planning [8].

The growing recognition of these challenges has shifted attention towards green infrastructure as a sustainable and nature-based approach
to improving urban environmental conditions. Green infrastructure encompasses interconnected natural and semi-natural features, includ-
ing urban forests, wetlands, grasslands, agricultural landscapes, and other vegetated spaces that collectively provide essential ecosystem
services within urban environments [33]. Beyond their ecological value, these landscapes play a significant role in regulating urban mi-
croclimates through mechanisms such as shading, evapotranspiration, carbon sequestration, and improved air circulation. Numerous
studies have demonstrated that areas with higher vegetation density generally exhibit lower land surface temperatures, highlighting the
importance of preserving and expanding urban green infrastructure as an effective strategy for mitigating Urban Heat Island effects while
simultaneously supporting biodiversity conservation, climate adaptation, and sustainable urban development [16] [28] [29] [32].

Despite the recognised environmental benefits of urban vegetation, maintaining adequate green infrastructure has become increasingly
difficult in many developing countries experiencing rapid and often uncontrolled urban growth. Population increase, housing demand,
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infrastructure expansion, and commercial development have accelerated the conversion of vegetated landscapes into impervious built-up
surfaces [19]. This transformation is particularly evident across many African cities where urban planning has struggled to keep pace
with demographic growth. Consequently, green spaces are frequently fragmented or completely replaced by residential, commercial, and
transportation infrastructure, reducing the capacity of urban ecosystems to moderate thermal conditions [5] [14] [31]. As vegetation de-
clines and impervious surfaces expand, cities become increasingly vulnerable to elevated land surface temperatures, heat stress, flooding,
and other climate-related environmental hazards.

Although previous studies have examined land use and land cover change, vegetation dynamics, or urban thermal environments inde-
pendently, relatively few have integrated these components to evaluate how long-term changes in green infrastructure influence Urban
Heat Island intensity within rapidly urbanising secondary cities [12]. Existing studies also tend to emphasise the mapping of vegetation
or temperature without translating these findings into spatially explicit information that can support urban planning decisions. Conse-
quently, there remains limited empirical evidence identifying where vegetation loss has most strongly contributed to thermal stress and
where future green infrastructure interventions would produce the greatest environmental benefits. Addressing this knowledge gap is
particularly important for cities such as Owerri, where continued urban expansion is expected to intensify pressure on remaining vegetat-
ed landscapes.

Therefore, this study evaluates the spatio-temporal dynamics of green infrastructure and their relationship with Urban Heat Island pat-
terns in Owerri Urban, Nigeria, using multi-temporal Landsat imagery acquired in 2000, 2015, and 2025. Green infrastructure was de-
rived from classified land-use data, while vegetation density and thermal characteristics were quantified using the Normalized Difference
Vegetation Index (NDVI) and Land Surface Temperature (LST), respectively. The study further examines the statistical relationship
between vegetation and urban thermal conditions using the 2025 dataset and identifies priority locations where future greening interven-
tions could contribute most effectively to Urban Heat Island mitigation.

2. Materials and Methods

2.1. Study area

The study was conducted in Owerri Urban, the administrative and commercial capital of Imo State in southeastern Nigeria. Owerri Urban
comprises the three Local Government Areas of Owerri Municipal, Owerri North, and Owerri West, and has experienced rapid physical
expansion over the past three decades due to population growth, increasing commercial activities, infrastructural development, and rural—
urban migration [13] [26]. The city lies within the humid tropical rainforest climatic zone and is characterized by two distinct seasons:
the wet season, typically extending from April to October, and the dry season from November to March.

Owerri experiences relatively high annual rainfall, warm temperatures throughout the year, and abundant natural vegetation. However,
continuous urban development has progressively transformed large portions of natural and agricultural landscapes into residential, com-
mercial, and transportation infrastructure [2] [21]. This extensive land conversion has substantially altered the spatial distribution of ur-
ban vegetation and increased the extent of impervious surfaces, creating favourable conditions for the development of Urban Heat Island
(UHI) effects. The combination of rapid urbanisation, declining vegetation cover, and increasing thermal stress makes Owerri Urban an
appropriate case study for investigating the role of green infrastructure in mitigating urban heat.

2.2. Data sources

Multi-temporal Landsat satellite imagery acquired in 2000, 2015, and 2025 was used to evaluate changes in green infrastructure and land
surface temperature within the study area. The satellite datasets were selected because they provide a consistent long-term record suitable
for environmental change detection and urban climate studies. The principal datasets used in this research included Landsat imagery for
2000, 2015, and 2025 and the administrative boundary of Owerri Urban for image clipping and spatial analysis.

2.3. Green infrastructure mapping

The land use maps were utilised to derive Green Infrastructure (GI) through the aggregation of vegetated land-cover classes into a single
green infrastructure layer, while built-up, bare surfaces and other non-vegetated classes were grouped as non-green infrastructure. Green
infrastructure was derived from the existing land use/land cover datasets through thematic reclassification. Vegetated land-cover classes,
including natural vegetation and other ecologically functional green spaces, were grouped into a single Green Infrastructure (GI) catego-
ry, while built-up areas, bare land, and other non-vegetated surfaces were classified as Non-Green Infrastructure. Water bodies were
retained as an independent class due to their distinct thermal characteristics. The resulting green infrastructure maps were produced for
the years 2000, 2015, and 2025. Area statistics were subsequently computed to quantify the spatial extent and proportional coverage of
each class. Temporal changes in green infrastructure were assessed by comparing the area occupied by each class across the three obser-
vation years. The net change in area for each land-cover class was computed using Equation (1):

M= A, — A, (1)

Where AA is the change in area (km?), At is the area at the initial year, and A, is the area at the subsequent year. To determine percent-
age change, Equation (2) was applied:

%Change = 2224 % 100 @)

t1
2.4. Land surface temperature retrieval

Land Surface Temperature (LST) was derived from the thermal infrared bands of the Landsat imagery following standard satellite-based
thermal retrieval procedures. Digital Number (DN) values were converted to top-of-atmosphere spectral radiance and subsequently trans-
formed into at-sensor brightness temperature. Surface emissivity was estimated using the Normalized Difference Vegetation Index
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(NDVI), allowing brightness temperature to be corrected to obtain actual land surface temperature values [1] [24] [30] [33]. For Landsat
7 imagery, spectral radiance was computed using Equation (3):

Lmax—Lmin
Ly = (stetnin ) (DN — QCALmin) + Lmin 3)

QCALmax—QCALmin

Ly = Spectral radiance (Wm?sr'um'), DN = Digital Number, Lmax = Maximum Spectral Radiance , Lmin = Minimum Spectral Radi-
ance , QCALmax = Maximum Quantized Calibrated Pixel Value , QCALmmN = Minimum Quantized Calibrated Pixel Value

For Landsat 8 and Landsat 9 imagery, spectral radiance was obtained using Equation (4):
Ly= M XQca + A “)

Where: ML = Radiance Multiplicative Scaling Factor, AL = Radiance Additive Scaling Factor, Qca = Quantized Calibrated Pixel Value
(DN)

Brightness Temperature (BT) was calculated via Equation (5):
BT = —=2 Q)

Ky
ln(L/1+1)

Where: BT = Brightness Temperature (K), LA = Spectral Radiance, K1 and K2 = Thermal Calibration Constants (for Landsat 5 and 7,
K1=607.76 and K2=1260. 56. For Landsat 8 and 9, K1=774.89 K2=1321.08)
The final Land Surface Temperature was calculated using Equation (6):

LST = ——r-

1+ (14—380) ln(E)
Where: LST = Land Surface Temperature (K), BT = Brightness Temperature (K), A = Effective Wavelength of Thermal Band, € = Land

Surface Emissivity, 14380 = Constant derived from Planck's Law

—273.15 (©6)

2.5. Normalized difference vegetation index (NDVI)

Vegetation conditions were assessed using the Normalized Difference Vegetation Index (NDVI), which exploits the contrast between
near-infrared and red reflectance to quantify vegetation density and vigour. The NDVI was calculated using Equation (7):

NDVI = (NIR - RED) / (NIR + RED) ©)
2.6. Green infrastructure change detection and spatial overlay analysis

The temporal dynamics of green infrastructure were evaluated through post-classification comparison of the reclassified Green Infra-
structure maps for 2000, 2015, and 2025. Percentage change was computed to evaluate the magnitude of landscape transformation, while
comparative analysis between successive periods (2000-2015 and 2015-2025) provided insights into the rate of urban expansion and
vegetation decline. The Green Infrastructure layer was combined with the classified Land Surface Temperature map to identify areas
where vegetation corresponded with different thermal conditions. Similarly, classified NDVI and LST maps were integrated using the
Combine tool to evaluate the interaction between vegetation density and urban thermal patterns.

2.7. Correlation/regression analysis and priority greening zone analysis

To quantify the relationship between vegetation and urban thermal conditions, statistical analyses were performed using the 2025 da-
tasets. Random sample points were generated across the study area, and corresponding NDVI and LST values were extracted from the
raster datasets. Pearson's correlation analysis was employed to determine the strength and direction of the relationship between vegeta-
tion density and land surface temperature. Subsequently, a simple linear regression model was developed using LST as the dependent
variable and NDVI as the independent variable to evaluate the extent to which vegetation explains variations in urban thermal conditions.
Priority locations for future green infrastructure development were identified through the interpretation of the NDVI-LST overlay map.
Areas characterised by low vegetation density and high land surface temperatures were classified as priority greening zones because of
their elevated thermal vulnerability and limited ecological capacity to regulate urban temperatures.

3. Results

3.1. Spatio-temporal dynamics of green infrastructure

The analysis of Green Infrastructure (GI) revealed a substantial transformation of the urban landscape in Owerri between 2000 and 2025
(Table 1). Green infrastructure occupied 387.676 km? (72.22%) of the study area in 2000 but declined to 297.724 km? (55.47%) by 2015
before decreasing further to 141.889 km? (26.43%) in 2025. Conversely, non-green areas expanded from 147.769 km? (27.53%) in 2000
to 388.193 km? (72.32%) by 2025, indicating a major conversion of vegetated landscapes into built-up and other impervious surfaces.
Water bodies increased only marginally throughout the study period and occupied less than two percent of the total land area.

The change detection analysis demonstrates that Owerri experienced a net loss of 245.787 km? of green infrastructure, representing a
63.40% reduction over the twenty-five-year study period. In contrast, non-green areas recorded a net gain of 240.424 km?, equivalent to a
162.71% increase. Temporal comparison further indicates that vegetation loss accelerated considerably after 2015. Between 2000 and
2015, green infrastructure declined by approximately 23%, whereas the subsequent decade recorded a decline exceeding 52%, suggesting
an intensified rate of urban expansion and landscape transformation.
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Fig 1: Map showing Green Infrastructure Changes (2000-2025)

Table 1: Spatio-Temporal Distribution of Green Infrastructure in Owerri Urban (2000-2025).

Land Cover Class 2000 Area (km?) 2000 (%) 2015 Area (km?) 2015 (%) 2025 Area (km*») 2025 (%) Net Change (km?) % Change

Non-Green Areas  147.769 27.53 236.786 44.11 388.193 72.32 +240.424 +162.71
Green Areas 387.676 72.22 297.724 55.47 141.889 26.43 -245.787 -63.40
Waterbody 1.320 0.25 2256 0.42 6.683 1.25 +5.363 +406.20
Total 536.765 100.00 536.766 100.00 536.765 100.00 — —

3.2. Spatio-temporal variation in land surface temperature and vegetation conditions

The temporal analysis of Land Surface Temperature (LST) indicates a progressive warming of the urban environment between 2000 and
2025 (Table 2). Mean LST increased from 26.02°C in 2000 to 28.45°C in 2015 before reaching 29.24°C in 2025, representing an overall
increase of approximately 3.22°C during the study period. Maximum temperatures also increased from 34.54°C to 35.74°C, while the
standard deviation rose slightly in 2025, suggesting greater spatial variability in thermal conditions across the city.

In contrast, vegetation density exhibited a continuous decline throughout the study period (Table 3). Mean NDVI decreased from 0.459
in 2000 to 0.264 in 2015 and further to 0.189 in 2025, indicating substantial degradation of vegetated landscapes. The progressive reduc-
tion in NDVI corresponds closely with the observed decline in Green Infrastructure, confirming that urban expansion has significantly
diminished vegetation density within Owerri Urban [9] [12] [37]. The inverse temporal behaviour of NDVI and LST demonstrates the
environmental consequences of rapid urbanisation. As vegetation cover decreased, land surface temperatures increased (r = -0.59), re-
flecting the replacement of permeable and vegetated surfaces with impervious materials capable of absorbing and storing larger quanti-
ties of solar radiation. This finding is consistent with the established understanding that vegetation provides an important cooling mecha-
nism through shading and evapotranspiration, whereas impervious urban materials intensify thermal accumulation and contribute to Ur-
ban Heat Island formation [23] [25] [31] [34].
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Fig 2: LST Variations between 2000 and 2025 in Owerri Urban
Table 2: LST Changes between 2000 and 2025 in Owerri Urban
Year Min (°C) Max (°C) Mean (°C) SD (°C)
2000 22.334 34.540 26.017 1.800
2015 23.884 36.927 28.446 1.752
2025 22.652 35.742 29.240 2.002
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Table 3: NDVI Statistics (2000-2025).

Year Min Max Mean SD
2000 0.0545 0.6420 0.4590 0.0780
2015 -0.1638 0.4415 0.2630 0.0679
2025 -0.0950 0.3901 0.1880 0.0635

3.3. Relationship between green infrastructure and urban heat island

The statistical analysis performed revealed a strong inverse relationship between vegetation density and land surface temperature. Pear-
son's correlation coefficient indicated a strong negative correlation (r = -0.772, p < 0.001) between NDVI and LST (Table 4), confirming
that areas characterised by higher vegetation density generally experienced lower surface temperatures. The multiple linear regression
model further demonstrated that vegetation and built-up intensity significantly explained spatial variations in land surface temperature.
The model produced an R? value of 0.729 (Table 5), indicating that approximately 72.9% of the observed variation in LST was explained
jointly by NDVI and NDBI. Both predictors were statistically significant (p < 0.001). NDVI exhibited a negative regression coefficient
(B =-0.215, B = -6.470), confirming its cooling influence on urban temperatures, whereas NDBI showed a positive coefficient (f =
0.665, B = 20.396), demonstrating that increasing built-up intensity substantially elevated land surface temperatures (Table 6).

Table 4: Pearson Correlation Analysis between NDVI and Land Surface Temperature (2025)

Variable Pearson Correlation (r) p-value Sample Size (N) Interpretation
Strong negative and statisti-

NDVI vs LST -0.772 <0.001 600 cally significant relation-
ship

Table 5: Multiple Linear Regression Results for Predicting Land Surface Temperature

Statistic Value

Multiple Correlation (R) 0.854

Coefficient of Determination (R?) 0.729

Adjusted R? 0.728

Standard Error of Estimate 1.026

F-statistic 801.563

Significance (p-value) <0.001

Table 6: Multiple Linear Regression Model Examining the Influence of Vegetation Density (NDVI) and Built-Up Intensity (NDBI) on Land Surface
Temperature in Owerri Urban

Predictor B Standardized 8 t-value p-value Interpretation
Constant 31.233 — 172.611 <0.001 Model intercept
Increasing vegetation
NDVI -6.470 -0.215 -5.542 <0.001 significantly reduces
LST
Increasing built-up
NDBI 20.396 0.665 17.132 <0.001 intensity significantly

increases LST

Spatial overlay analysis supported these statistical findings. Areas classified as Green—Very Cool and Green—Cool represented environ-
mentally stable zones where vegetation effectively moderated urban temperatures (Table 7). Conversely, Non-Green—Hot and Non-
Green—Very Hot combinations corresponded to densely developed neighbourhoods with limited vegetation and pronounced Urban Heat
Island characteristics [10] [32] [36]. Similarly, the NDVI-LST overlay revealed that areas characterised by high vegetation density con-
sistently coincided with lower thermal conditions, whereas locations with sparse vegetation exhibited elevated surface temperatures,
reinforcing the important role of green infrastructure in regulating the urban thermal environment (Table 8).
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Fig 5: LST Overlay Analysis with Green Infrastructure and Vegetation Health

Table 7: Classification and Interpretation of GI-LST Overlay Values.

Overlay Value Green Infrastructure LST Class Environmental Interpretation

Excellent Green Cooling Zone —

Dense green infrastructure effec-

tively suppresses surface tempera-

ture.

Healthy Green Area — Vegetated

2 Green Cool area with good cooling perfor-
mance.
Moderately Stable Green Area —

3 Green Moderate Vegetation present but experiencing
moderate thermal conditions.
Heat-Stressed Green Area — Green
infrastructure exists but is under
elevated thermal stress, possibly
due to surrounding urbanization.
Critically Stressed Green Infra-

5 Green Very Hot structure — Vegetation present but
unable to offset extreme heat.
Cool Non-Green Surface — Typical-

6 Non-Green Very Cool ly water bodies or shaded impervi-
ous surfaces.
Moderately Cool Built Environ-

7 Non-Green Cool ment — Non-vegetated area with
relatively low surface temperature.
Transition Urban Zone — Interme-

1 Green Very Cool

4 Green Hot

8 Non-Green Moderate diate thermal conditions with lim-
ited vegetation.
Urban Heat Zone — Built-up area
9 Non-Green Hot with high surface temperature and

limited vegetation.
Severe Urban Heat Island (Highest
Priority for Greening) — Highly

10 Non-Green Very Hot impervious, vegetation-deficient
area experiencing extreme thermal
stress.

Table 8: NDVI-LST Overlay and Interpretation

Overlay Values Interpretation

1-8 Healthy vegetation with strong cooling effect.

9-15 Transitional areas where vegetation provides only partial cooling.

16-20 Vegetation-deficient areas experiencing increasing thermal stress.

21-25 Critical Urban Heat Island zones requiring priority greening interventions.

3.4. Spatial distribution of priority greening zones

The Priority Greening Zone analysis identified substantial spatial variation in the need for future green infrastructure interventions across
Owerri Urban (Table 9). Approximately 117.491 km? (21.89%) of the study area was classified as Low Priority, representing locations
where vegetation conditions remain relatively stable and thermal stress is comparatively limited. Moderate Priority areas occupied
320.230 km? (59.66%), indicating extensive transitional landscapes where strategic enhancement of green infrastructure could improve
thermal regulation. The remaining 99.036 km? (18.45%) was classified as High Priority, representing areas characterised by sparse vege-
tation and elevated land surface temperatures that require immediate ecological intervention.
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Table 9: Green Priority Areas Composition (Area and Percentage)

Priority Level Area (km?) Percentage (%)
Low 117.491 21.89
Moderate 320.230 59.66
High 99.036 18.45
Total 536.757 100.00

4. Discussion

The findings of this study demonstrate that rapid urbanisation has fundamentally altered the ecological structure of Owerri Urban, trans-
forming large areas of vegetated land into impervious surfaces over the past twenty-five years. Beyond representing a physical expansion
of the city, this transformation signifies a progressive loss of ecological infrastructure responsible for regulating the urban environment.
The substantial reduction in green infrastructure observed during the study period therefore reflects not only landscape modification but
also a decline in the city's natural capacity to regulate its microclimate and sustain environmental quality [14].

The accelerated rate of vegetation loss after 2015 suggests that recent urban development has occurred with limited integration of ecolog-
ical considerations into land-use planning. Similar trends have been reported in rapidly urbanising cities across Sub-Saharan Africa,
where increasing population, housing demand, commercial expansion, and infrastructure development have contributed to widespread
conversion of vegetated landscapes into built-up areas [11] [15] [17]. However, the significance of the present study extends beyond
documenting land-cover change. Linking long-term green infrastructure dynamics with thermal characteristics demonstrates how contin-
ued urban expansion progressively reduces the ecological resilience of secondary cities and increases their vulnerability to climate-
related thermal stress.

The temporal analysis of vegetation and land surface temperature further revealed a clear inverse relationship between urban greening
and thermal conditions. As green infrastructure and vegetation density declined between 2000 and 2025, land surface temperatures in-
creased consistently across the study area, indicating that the replacement of vegetated surfaces with impervious materials has intensified
Urban Heat Island (UHI) conditions. The statistical analyses reinforce this observation, with the strong negative correlation between
NDVI and LST (r = -0.772, p < 0.001) and the regression model (R? = 0.729) confirming that vegetation density and built-up intensity
are the principal determinants of spatial temperature variation in Owerri Urban. These findings agree with previous studies that have
consistently reported vegetation as one of the most effective natural regulators of urban thermal environments [4] [6] [20]

A major contribution of this study is the integration of Green Infrastructure mapping, NDVI, Land Surface Temperature, statistical mod-
elling, and spatial overlay analysis into a single planning-oriented framework. Rather than assessing vegetation dynamics or Urban Heat
Islands independently, the study demonstrates how remotely sensed environmental information can be translated into practical planning
decisions [7] [18]. The Green Infrastructure-LST and NDVI-LST overlay analyses clearly show that areas with dense vegetation con-
sistently experience lower thermal conditions, while densely built-up neighbourhoods correspond to elevated surface temperatures [27].
Building on these relationships, the Priority Greening Zone analysis identifies locations where future greening interventions are expected
to achieve the greatest environmental benefits.

The broader implications of this study extend beyond Urban Heat Island mitigation to sustainable urban infrastructure and low-carbon
development. Green infrastructure should be regarded as an essential component of urban infrastructure because of its capacity to simul-
taneously enhance climate resilience, improve environmental quality, conserve biodiversity, regulate stormwater, and contribute to car-
bon sequestration. Consequently, the continued decline of urban vegetation observed in Owerri represents not only an environmental
concern but also a strategic planning challenge. This study provides a transferable framework for integrating ecological infrastructure
into urban development planning by demonstrating how remote sensing and GIS can support evidence-based identification of priority
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greening areas. Such an approach aligns with the principles of nature-based solutions and Sustainable Development Goal 11, while offer-
ing practical guidance for developing climate-resilient and low-carbon cities throughout Nigeria and the wider Global South.

5. Conclusion

This study evaluated the spatio-temporal distribution of Green Infrastructure (GI) and its role in mitigating Urban Heat Island (UHI)
effects in Owerri Urban using multi-temporal Landsat imagery. The findings revealed a substantial decline in green infrastructure ac-
companied by a corresponding increase in land surface temperature, demonstrating the significant influence of urban expansion on the
city's thermal environment. The strong inverse relationship between NDVI and LST, together with the regression analysis, confirmed that
vegetation plays a critical role in regulating urban temperatures, while increasing built-up surfaces intensity thermal conditions. Combin-
ing Green Infrastructure mapping, thermal remote sensing, statistical analysis, and spatial overlay techniques provides robust evidence
that preserving and enhancing urban vegetation is fundamental to mitigating Urban Heat Island effects in rapidly urbanising cities.
Beyond assessing environmental change, this research demonstrates how remote sensing and GIS can support evidence-based urban
planning by identifying Priority Greening Zones where future interventions are likely to achieve the greatest cooling benefits. The inte-
grated analytical framework developed in this study contributes to the growing body of knowledge on sustainable urban infrastructure by
linking long-term green infrastructure dynamics with climate adaptation and low-carbon urban development. The findings provide prac-
tical guidance for planners and policymakers in Owerri and other rapidly growing cities across the Global South, highlighting that the
protection, restoration, and strategic expansion of green infrastructure should be embedded within urban development policies to enhance
climate resilience, improve environmental quality, and promote more sustainable Cities.
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