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Abstract
The urban heat island has become a major environmental and socioeconomic concern in the City of Johannesburg Met-
ropolitan Municipality (CoJ), South Africa. This research investigates vegetation characteristics in reducing urban heat 
islands (UHI) in the CoJ using multispectral and thermal remote sensing data from 1993 to 2023. The primary indices 
processed—including the Modified Soil Adjusted Vegetation Index (MSAVI2), Normalized Difference Moisture Index 
(NDMI), and Urban Heat Island (UHI)—were all analyzed using ArcGIS Pro v3.1.4183 geospatial software. A regression 
model determined the type and degree of relationship among the indices. Results showed that vegetation cover and 
water content status were below average, with MSAVI2 = 0.18 and NDMI = – 0.15. The surface temperature was found 
to be 17.08 °C. A significant, positive statistical relationship (R2 = 0.36; p < 0.01; n = 1,048,575) existed between MSAVI2 
and NDMI, indicating that MSAVI2 tends to increase in proportion to an increase in NDMI. A weakly negative statistical 
relationship existed between MSAVI2 and UHI (R2 = 0.08; p < 0.01; n = 1,048,575), showing that UHI tends to decrease as 
MSAVI2 increases. Furthermore, a strongly negative, statistically significant relationship existed between NDMI and UHI 
(R2 = 0.54; p < 0.01; n = 1,048,575), demonstrating that UHI decreases when NDMI rises. Creating environmentally and 
economically sustainable parks and green urban spaces can help mitigate the effects of urban heat islands.

Highlights

•	 Vegetation condition indicators were consistently low: MSAVI2 = 0.18, NDVI = 0.16, Pv = 0.33, NDMI = − 0.15
•	 Mean UHI = 17.08 °C, LST = 24.56 °C, SMI = 0.40 indicate heat stress and sparse vegetation
•	 UHI and LST declined from 1993 to 2023 as SMI improved
•	 Significant correlation (p < 0.01) among vegetation, water content, and surface temperature.
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1  Introduction

Tropical regions exhibit significant variability in urban climate patterns between wet and dry seasons [2]. Conse-
quently, the interaction between surface and air temperatures becomes increasingly complex. Rapid urban popula-
tion growth is expected to exacerbate the global issue of urban heat island (UHI) impact [11]. Researchers have yet 
to thoroughly investigate the efficiency of certain solutions in reducing UHI compared to areas covered by degraded 
vegetation [32]. Currently, one of the major environmental issues affecting sustainable development goals is the 
deterioration of vegetation, including forests, shrubs, grass, and crops. Degraded vegetation promotes global warm-
ing due to decreased surface albedo and increased greenhouse gases, which is a determining factor [42]. According 
to the United Nations’ Sustainable Development Goals SDGs 2015, the objectives of SDG 15 include protecting, 
restoring, and promoting sustainable use of terrestrial ecosystems, sustainably managing forests, combating deser-
tification, and halting and reversing land degradation and biodiversity loss. Conversely, the spatial extent of veg-
etation degradation has declined due to anthropogenic and natural-induced factors, resulting in significant social, 
economic, and environmental impacts. These impacts include decreased agricultural production and productivity, 
wildfires, biodiversity loss, decreased income or GDP growth, depletion of water resources, and losses in ecosystem 
services [23, 30]. For instance, drylands exposed to degradation cover approximately 46.2% of the world’s surface 
area, affecting three billion people [23]. Additionally, Rivera-Marin et al. [30] reported that about 1.4 billion people 
worldwide, 74% of whom are impoverished, are affected. The increase in drylands may cause a significant reduction 
in soil moisture, affecting vegetation cover development. However, Africa, the second-largest continent, accounting 
for approximately 20.3% of the world’s total land mass [45], has received insufficient attention.

Studies indicate that settlement expansion can affect vegetation cover extent, potentially transforming vegetated 
lands into built-up areas. This change accelerates soil erosion hazards and heat waves, disrupting vegetation and soil 
health [17, 46]. As a result, ecosystem services may suffer significantly. Vegetation’s nutrient uptake is also impeded, 
impairing its health [17]. For instance, high wind erosion and decreased organic activity can reduce soil quality, 
hindering agriculture. Projections indicate decreased vegetation productivity in Africa, specifically in Mozambique, 
Namibia, Botswana, Zimbabwe, and Zambia, and increased productivity in certain regions of Madagascar and South 
Africa [17]. Over 90% of South African biomes show a stable trend in vegetation productivity from 1982 to 2015, 
whereas only 10% of the Karoo has a significantly increasing trend [39]. The same author emphasized understanding 
the nature, scope, and rate of change in drylands at various temporal and spatial scales.

Urban areas have expanded steadily over the past century, exacerbating surface urban heat island consequences 
(e.g., human health and comfort due to increased air pollution, diminished nighttime cooling, and warmer daytime 
temperatures) and continuously losing ecological services [36], such as clean water, nutritious food, plant drugs, 
and genetic resources. Environmental challenges like poor air quality and depleted water supplies, caused by rapid 
urbanization, have affected more people [2]. High UHI results from population growth, urban expansion, and low 
moisture content, leading to poor vegetation cover. Lawal et al. [17] reported that global vegetation cover is pre-
dicted to be adversely impacted by climate change, but the severity of its effects on southern Africa’s vegetation 
biomes is poorly understood. Consequently, little is known about vegetation degradation’s repercussions. One factor 
is inadequate research on UHI [36].

The Normalized Difference Vegetation Index (NDVI) is commonly used to describe spatial patterns in temperate 
and subtropical climates. Mirzabaev et al. [23] reported that vegetation degradation magnitude is challenging due to 
its diversity and complexity. Remote sensing vegetation indices, such as MSAVI2, EVI, NDVI, PV, and NDMI, efficiently 
monitor phenological growth, vegetation greenness, and moisture content. However, studies point out that NDVI is 
the most popular vegetation index. NDVI often reaches its limits at high leaf area indexlevels, making it susceptible to 
atmospheric disturbances, scaling issues, and the effects of soil background. In sparse canopies, NDVI is sensitive to 
canopy cover variations, but this sensitivity diminishes in intermediate and dense canopies [41]. The scientific com-
munity is increasingly focusing on advanced and reliable vegetation indices (e.g., MSAVI2) over NDVI for monitoring 
vegetation health. The Burn Area Index (BAI), estimated from remotely sensed data, helps depict vegetation stress 
due to elevated temperatures (e.g., fire). Venter et al. [40] investigated how Landsat-derived vegetation trends can be 
applied to assess land degradation and restoration in South Africa. Similarly, Choudhury et al. [7] generated the land 
surface temperature of the Asansol-Durgapur development region, finding an increase in LST by 0.06 °C and 0.43 °C 
per year during winter and summer seasons. The increase in LST causes significant environmental harm. Monitoring 
vegetation degradation and dynamics using earth observation imagery is crucial for obtaining up-to-date information 
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and developing effective environmental policy measures [28, 40]. Vegetation degradation intensification aggravates 
land surface temperature (LST) incidence, resulting in elevated urban heat island (UHI) and greenhouse gas effects. 
LST and UHI have received attention due to their detrimental effects on ecology, climate, and public health, relying 
on vegetation cover, soil moisture, and albedo.

Land Surface Temperature (LST), also known as radiometric temperature, measures the emission of thermal infrared 
radiation [42] or the warmth of the Earth’s surface. It is also referred to as the temperature of the soil and plant canopy. A 
5% vegetation cover can decrease the surface temperature by up to 0.5 °C due to the shading effect (cooling). However, 
few studies have effectively addressed the issue of retrieving surface emissivity over diverse metropolitan surfaces [20]. 
Stemn and Kumi-Boateng [37] link land use change dynamics to increased surface temperature and Urban Heat Island 
(UHI). Factors such as vegetation and soil moisture content affect emissivity, making it a crucial consideration. UHI is 
severe at night, even when daytime temperatures have been higher [21], due to the area’s thermal characteristics. Healthy 
vegetation cover can modify the climate and absorb carbon dioxide (CO2) by altering the surface energy balance between 
the Earth’s surface and atmosphere. The vegetation cover of Johannesburg Metropolitan City (CoJ), Gauteng Province, 
South Africa, is susceptible to increasing air and surface temperatures. In the CoJ, the urban heat island problem has 
emerged as a significant environmental and socioeconomic concern [5].

Therefore, continuously monitoring LST dynamics is necessary to maintain human health [28] and urban vegetation 
dynamics. Understanding vegetation’s spatial distribution and temporal evolution is scientifically and economically 
valuable. However, gaps remain in our understanding of how LST and UHI evolve and relate to underlying surfaces at 
various temperatures [43]. There is a lack of comprehensive studies in South Africa, particularly in Johannesburg, that 
assess the combined effects of vegetation cover, water content, and surface temperature on Urban Heat Island (UHI) 
dynamics. Most existing research over-relies on NDVI, neglecting more sensitive indices like MSAVI2, NDMI, and PV, and 
fails to integrate these with LST and UHI in a unified spatial modeling framework. Additionally, African urban environ-
ments, especially dryland regions, remain underexplored in global UHI and vegetation degradation research, limiting 
context-specific mitigation strategies.

This study addresses the lack of research on integrating vegetation conditions and their roles in mitigating urban heat 
islands in South Africa. By combining reliable remote sensing spectral indices, this study focuses on analyzing vegetation 
cover and its role in reducing surface urban heat islands. The objectives of this study were to: (i) Evaluate vegetation cover 
status and water content using MSAVI2, NDVI, PV, and NDMI; (ii) Estimate spatial patterns of LST, UHI, and Soil Moisture 
Index (SMI) conditions; and (iii) Determine relationships among MSAVI2, NDVI, PV, NDMI, SMI, LST, and UHI using regres-
sion models. Reliable results on vegetation dynamics are essential for developing successful forest protection programs. 
The findings of this study can enhance existing environmental planning and management practices, particularly in 
combating desertification and promoting biodiversity. Additionally, public health professionals can access our scientific 
findings on UHI’s impact on human health and how vegetation can help lower UHI.

2 � Materials and methods

2.1 � Study area

This research was conducted in Johannesburg, Gauteng Province, South Africa, a metropolitan city that serves as the 
country’s financial and industrial hub. As the smallest province, it is the center of economic powerhouses and transpor-
tation [18, 47]. Mining is the primary industry in this province, one of the key sectors in South Africa [9]. Geographically, 
the province spans from 27°17′15ʺ S to 27°17′25ʺ S latitude and from 26°54′45ʺ E to 25°54′40ʺ E longitude (Fig. 1). The 
province comprises five districts: Tshwane (6296.2 km2, 34.7%), West Rand (4084.5 km2, 22.5%), Ekurhuleni (3458.6 km2, 
19%), Sedibeng (2686.9 km2, 14.8%), and Johannesburg (1644.0 km2, 9%). Additionally, the province has eight metro-
politan municipalities [9]. The topography of Gauteng Province ranges from 931 to 1916 m above sea level (m.a.s.l.), with 
an average elevation of 1481 m.a.s.l. [9]. The study area is located in one of Gauteng Province’s temperate climate zones, 
receiving up to 363 mm of mean annual rainfall [47]. The minimum and maximum temperatures range from 20.3 °C (69 
°F) to 26.3 °C (79.3 °F), respectively, with an average temperature of 14.4 °C (57.9 °F). The study area experiences two 
primary climatic seasons: the dry season (April–October) and winter (May–August). According to the Soil and Terrain 
Database for Southern Africa (SOTERSAF version 1.0), nine dominant soil types exist in the study area. Lixisols are the 
most dominant, covering 6895.3 km2 (37.9%), followed by Solonetz (68 km2, 0.4%), Acrisols (3656.1 km2, 20.1%), Leptosols 
(2924.2 km2, 16.1%), Plinthosols (2458.3 km2, 13.5%), Vertisols (1150.2 km2, 6.3%), Luvisols (448.3 km2, 2.5%), Nitisols 
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(441.3 km2, 2.4%), and Regosols (100 km2, 0.6%). Water bodies occupy 28.4 km2 (0.2%) of the remaining land [9]. The Vaal 
Dam supplies water to approximately 13 million people in Gauteng Province and surrounding areas [27]. However, the 
province’s crystalline natural rocks make it challenging to extract sufficient groundwater [34].

2.2 � Image acquisition

We acquired Landsat multispectral and temporal imageries from the U.S. Geological Survey (USGS) for the summer sea-
sons of 1993, 2000, 2013, and 2023. The imageries used were from the Thematic Mapper (TM), Operational Land Imager 
(OLI), and Thermal Infrared Sensor (TIRS) Collection-2 Level 1. We divided the study area into one scene (tile), specifically 
path 170/row 78 (Table 1). For quantification and analysis, we utilized the thermal, shortwave infrared (SWIR-1), near-
infrared (NIR), and red bands from medium spatial resolution satellite imagery to calculate NSAVI2, NDVI, PV, NDMI, LSE, 
LST, UHI, and SMI.

2.3 � Image pre‑processing, interpretation, and analysis

Earth observation datasets, such as Landsat imageries, are highly susceptible to atmospheric, radiometric, and geometric 
distortions (Fig. 2). For example, meteorological conditions like clouds, fog, and rain can significantly impact vegetation 
health and Urban Heat Island (UHI) values. Gidey and Mhangara [9] emphasized the importance of improving input 
quality through image pre-processing techniques to achieve better results. They also stressed the need to minimize 
geometry-related distortions by utilizing the World Geodetic System 1984 (WGS84) and the Universal Transverse Mercator 
(UTM) Zone 35 South projection. However, atmospheric and radiometric distortions affecting the surface and thermal 
reflectance of Landsat images in the study area reduced the effectiveness of haze and noise tools in ERDAS IMAGINE 2022 

Fig. 1   Location of the study area



Vol.:(0123456789)

Discover Environment            (2025) 3:74  | https://doi.org/10.1007/s44274-025-00264-0 
	 Research

Ta
bl

e 
1  

S
el

ec
te

d 
La

nd
sa

t s
pe

ct
ra

l b
an

ds
 fo

r v
eg

et
at

io
n 

an
d 

su
rf

ac
e 

te
m

pe
ra

tu
re

 s
tu

dy

Ye
ar

La
nd

sa
t s

ce
ne

 id
en

tifi
er

Sp
ec

tr
al

 b
an

d(
s)

Pi
xe

l s
iz

e 
(m

)
D

at
e 

an
d 

sc
en

e 
ce

nt
er

 ti
m

e 
of

 a
cq

ui
si

tio
n

19
93

 (L
S–

4–
5 

TM
 C

2 
L1

TP
)

LT
05

_L
1T

P_
17

00
78

_1
99

30
91

9_
20

20
09

13
_0

2_
T1

Ba
nd

 3
—

Re
d

(0
.6

3–
0.

69
 μ

m
)

Ba
nd

 4
—

N
ea

r I
nf

ra
re

d 
(N

IR
) (

0.
76

–0
.9

0 
μm

)
Ba

nd
 5

– 
Sh

or
tw

av
e 

In
fr

ar
ed

 (S
W

IR
– 

1)
 

(1
.5

5–
1.

75
 μ

m
)

Ba
nd

 6
 T

he
rm

al
 (1

0.
40

–
12

.5
0 

μm
)

30
19

93
-0

9-
19

 0
7:

24
:0

5.
11

23
8

20
00

 (L
S–

4–
5 

TM
 C

2 
L1

TP
)

LT
05

_L
1T

P_
17

00
78

_2
00

00
90

6_
20

20
09

06
_0

2_
T1

20
00

-0
9-

06
 0

7:
40

:2
7.

21
80

69
0Z

20
13

 (L
S–

8 
O

LI
–T

IR
S 

C2
 L

1T
P)

LC
08

_L
1T

P_
17

00
78

_2
01

30
91

0_
20

20
09

13
_0

2_
T1

Ba
nd

 4
—

Re
d 

(0
.6

4–
0.

67
 μ

m
)

Ba
nd

 5
—

N
ea

r I
nf

ra
re

d 
(N

IR
) (

0.
85

–0
.8

8 
μm

)
Ba

nd
 6

—
Sh

or
tw

av
e 

In
fr

ar
ed

 (S
W

IR
—

1)
 

(1
.5

7–
1.

65
 μ

m
)

Ba
nd

 1
0—

Th
er

m
al

 
In

fr
ar

ed
 (T

IR
S—

1)
 

(1
0.

6–
11

.1
9 

μm
)

20
13

-0
9-

10
 0

8:
04

:2
0.

23
03

92
0Z

20
23

 (L
S–

8 
O

LI
–T

IR
S 

C2
 L

1T
P)

LC
09

_L
1T

P_
17

00
78

_2
02

30
81

3_
20

23
08

13
_0

2_
T1

20
23

-0
8-

13
 0

8:
02

:0
6.

04
63

81
0Z



Vol:.(1234567890)

Research	  
Discover Environment            (2025) 3:74  | https://doi.org/10.1007/s44274-025-00264-0

Version 16.7.0 Build 1416 software (Fig. 2). After applying necessary corrections, we conducted vegetation and surface 
temperature analysis using Eqs. 1–12 (Fig. 2).

2.3.1 � Analysis of vegetation health

We conducted a pixel-by-pixel analysis of vegetation cover development and its water-holding content in the study area 
using four vegetation indices: Modified Soil Adjusted Vegetation Index 2 (MSAVI2), Normalized Difference Vegetation 
Index (NDVI), Proportion of Vegetation (PV), and Normalized Difference Moisture Index (NDMI) (Eqs. 1–5).

In ArcGIS Pro raster calculator, the MSAVI2 was defined as follows (Eq. 2):

Considering the influence of soil brightness in areas with sparse vegetation, we estimated the Modified Soil-Adjusted 
Vegetation Index 2 (MSAVI2). Wiesmair et al. [44] previously utilized this index to analyze plant cover. MSAVI2 values range 
from -1.0 to + 1.0. This study examined the estimated MSAVI2 values, which are presented in Table 2.

Vegetation indices, considered dimensionless indicators, range from − 1.0 to + 1.0. Positive values signify healthy vegeta-
tion conditions, while negative values indicate unhealthy vegetation. Non-vegetative areas, bare soils, and water bodies 
typically exhibit negative NDVI values [4]. Additionally, higher NDVI values indicate a denser presence of greenery or a greater 
proportion of vegetation, while lower NDVI values reflect vegetation that is under moisture stress. Healthy vegetation also 

(1)MSAVI2 = (2∗ NIR + 1 − sqrt ((2∗ NIR + 1)
2 − 8∗(NIR − R))) ̂0.5∕2

(2)((2∗Float (εNIRε)) + 1 − (Power (((Power (((2∗Float (NIR)) + 1), 2)) − 8∗(Float(NIR) − Float(εRedε))), 0.5)))∕2

Fig. 2   Characterisation of 
vegetation in mitigating UHI
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enhances soil and water quality. As shown in Table 3 (Eq. 3), we utilized the Normalized Difference Vegetation Index (NDVI) to 
assess vegetation temperature, greenness, and health. This measurement provides accurate land surface temperature results.

Additionally, we used NDVI as a proxy to calculate the proportion of vegetation (PV) as shown in Eq. 4:

where NDVIi = NDVIvalue,NDVImin = theminimumNDVIvalue(lower),NDVImax = the maximum NDVI value (higher).
We also assessed the vegetation moisture level using the Normalized Difference Moisture Index (NDMI) (Eq. 5). Water 

content deficiency has significantly impacted vegetation development, making this index essential for understanding the 
effect of Land Surface Temperature (LST) on vegetation [38, 41]. Furthermore, NDMI serves as a reliable indicator of dryness, 
as it evaluates various humidity levels in landscape components, including soils, rocks, and vegetation [33]. We calculated 
the vegetation water content in the research area using the thermal and near-infrared bands of Landsat 4–5 TM and OLI/
TIRS (Eq. 5) and analyzed the results as presented in Table 4.

(3)NDVI = ((NIR − R)∕(NIR + R))

(4)PV = Square

(

NDVIi − NDVImin

)

(

NDVImax − NDVImin

)

(5)NDMI = ((NIR − SWIR)∕(NIR + SWIR))

Table 2   Characterization of 
vegetation cover based on 
MSAVI2

MSAVI2 values Description

– 1.0 to 0.2 Bare soil
0.2 to 0.4 Seed germination stage
0.4 to 0.6 Leaf development stage
 > 0.6 Dense vegetation

Table 3   Vegetation cover 
status determination based 
on NDVI values [10]

NDVI values Description

0.72 to 1.0 Very good
0.42 to 0.72 Good
0.22 to 0.42 Normal
0.12 to 0.22 Poor
–1.0 to 0.12 Very poor

Table 4   Determination of 
vegetation water holding or 
stress statusa

a  https://​eos.​com/​make-​an-​analy​sis/​ndmi/#:​~:​text=​The%​20NDMI%​20ran​ge%​20is%​20%​2D1,NDMI%​20val​
ues%​20cou​ld%​20sig​nal%​20wat​erlog​ging;

NDMI value Description

–1.0 to –0.8 Bare soil
–0.8 to –0.6 Non-existent canopy cover
–0.6 to –0.4 Very low canopy cover
–0.4 to –0.2 Low canopy cover that is either damp or dry
–0.2 to 0.0 Mid–low canopy cover with high levels of water stress-or- 

low canopy cover, low water stress
0.0 to 0.2 Average canopy cover under high levels of water stress
0.2 to 0.4 Mid–high canopy cover under high levels of water stress
0.4 to 0.6 High canopy cover with no water stress
0.6 to 0.8 There is no water stress and a very high canopy cover
0.8 to 1.0 No water stress or waterlogging, and complete canopy cover

https://eos.com/make-an-analysis/ndmi/#:~:text=The%20NDMI%20range%20is%20%2D1,NDMI%20values%20could%20signal%20waterlogging
https://eos.com/make-an-analysis/ndmi/#:~:text=The%20NDMI%20range%20is%20%2D1,NDMI%20values%20could%20signal%20waterlogging
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where NDMI = Normalized Difference Moisture Index, NIR = Near Infrared band, SWIR = Shortwave Infrared.
The Normalized Difference Moisture Index (NDMI) is a sensitive indicator of changes in vegetation water content. 

With values ranging from − 1.0 to 1.0, this dimensionless index provides a clear measure of moisture levels. Specifically, 
lower NDMI values correspond to lower water content in vegetation, while higher values indicate higher water content.

2.3.2 � Surface temperature

We analyzed the surface temperature of the study area using various indicators, including Land Surface Emissivity (LSE), 
Land Surface Temperature (LST), Soil Moisture Index (SMI), and Urban Heat Islands (UHI). Estimating Land Surface Tem-
perature (LST) is a multi-step process, which involves the following five crucial steps:

	 i.	 Top of Atmospheric (TOA) spectral radiance
	 ii.	 Brightness Temperature (BT)
	 iii.	 Normalized Difference Vegetation Index (NDVI)
	 iv.	 Proportion of Vegetation (Pv)
	 v.	 Land Surface Emissivity (LSE)

2.3.3 � Digital number (DN) value to top of atmosphere (TOA) radiance conversion

Converting Digital Number (DN) values to Top-of-Atmosphere (TOA) reflectance is a critical step in satellite image pro-
cessing, enabling the calculation of spectral radiance for each pixel. In this study, we converted the thermal bands of 
Landsat 4–5 TM and OLI/TIRS to spectral radiance and brightness temperature (BT) using Eq. 6.

where Lλ = Top-of-Atmosphere (TOA) spectral radiance, ML = Multiplicative scaling factors, Qcalc = Quantized and calibrated 
pixel value, AL = Radiance additive factor for band X (band 6 for Landsat 4–5 TM, band 10 for Landsat 8 OLI/TIRS).

2.3.4 � Top of atmosphere radiance to brightness temperature conversion

We converted the spectral radiance of brightness temperature (BT) from Kelvin to Celsius using the Landsat algorithm 
based on the Planck curve (Table 5), as expressed in Eq. 7:

where BT = Brightness temperature in Celsius, K2&K1 = Calibration constant 2 and 1 for band 6 TM and 10 TIRS, L
�
= 

calculated TOA spectral radiance.

2.3.5 � Land surface emissivity (LSE)

Land Surface Emissivity (LSE) analysis has numerous applications, including studying urban heat islands, vegetation health, 
agricultural productivity, and extreme heat events like wildfires. Emissivity is defined as the difference between a natural 
material’s energy and that of a perfect blackbody at a specific temperature [15]. As global temperatures rise, public interest 

(6)L
�
= ML × Qcalc + AL

(7)
BT =

K2

ln
(

K1

L
�

+ 1
) − 273.15

Table 5   Landsat calibration 
constant values for bands 6 
and 10

Sensor Radiometric rescaling factor Calibrated constant values

Multiplicative Addition K2 K1

Landsat 4– 5 TM (Band 6) 5.5375E–02 (i.e., 
0.055375)

1.18243 1260.56 607.76

Landsat 8 OLI/TIRS (Band 10) 3.8000E–04 
(i.e., 0.000334)

0.10000 1321.0789 774.8853
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and awareness of climate change have grown [38]. Estimating land surface temperature requires information on surface 
emissivity. Satellite imagery, such as Landsat, can calculate this index to understand changes in emissivity caused by humid-
ity, vegetation development, and other temporal characteristics [20]. Notably, LSE varies linearly with vegetation percentage 
[19]. In this study, we estimated the land surface emissivity (LSE) condition of the study area using Eq. 8.

We estimated Land Surface Emissivity (LSE) based on the proportion of vegetation (Pv) from NDVI, using constant soil 
and vegetation emissivity coefficients for both TM and OLI/TIRS satellite imageries. Specifically, we applied a standard devia-
tion of 0.004 and a mean value of 0.986. However, for nighttime data, Konda et al. [16] recommended an emissivity value of 
0.984 ± 0.004.

2.3.6 � Land surface temperature (LST)

In this study, we used the thermal bands of Landsat 4–5 and 8 OLI/TIRS to derive LST as follows (Eq. 9).

Higher Land Surface Temperature (LST) values indicate warmer surface conditions, while lower LST values signify cooler 
conditions, collectively describing the thermal characteristics of the land surface. The accuracy of LST values derived from 
satellite images relies heavily on the quality of the thermal bands.

2.3.7 � Soil moisture index (SMI)

Soil moisture plays a crucial role in vegetation growth, with moisture deficiencies significantly impacting both quantity and 
quality [25]. To assess the soil moisture status of the study area, we employed Moawad’s [24] formula (Eq. 10), a widely used 
index that has been successfully applied in various studies (e.g., [22]).

The Soil Moisture Index (SMI) is calculated using the maximum (LSTmax) and minimum (LSTmin) Land Surface Tempera-
ture (LST) values, ranging from 0 to 1, where values less than 1 indicate dry (stress) conditions, values close to 1 indicate wet 
conditions, and typically, desert regions exhibit low SMI levels [25].

2.3.8 � Urban heat islands (UHI)

We evaluated the surface urban heat island (UHI) in the study area using Eq. 11, a technique also employed by Siddiqui et al. 
[35]. Alternatively, Wei and Wang [43] calculated UHI by analyzing temperature differences between urban and rural areas, 
as well as between heat islands, cold islands, and their surrounding environments.

where UHI = Urban Heat Island, LST i = Land Surface Temperature Value of i– period, LSTmean = Mean Land Surface Tem-
perature Value of i– period, Stdev = Standard Deviation value of Land Surface Temperature for i– period.

2.3.9 � Statistical relationship of vegetation, water content, and surface temperature

A linear regression model (Eq. 12) was employed to examine the statistical relationships among vegetation cover, vegetation 
water content, and surface temperature indices, including MSAVI2, NDMI, NDVI, PV, LST, UHI, and SMI. This approach has been 
successfully utilized in various studies [1, 10, 12, 14]. The model’s results are represented by the coefficient of determination 
(R2), ranging from − 1 to + 1. To interpret the strengths of the regression model, we referred to Evans [8] (Table 6).

where Y dependent; x = explanatory factor; a = intercept; b = slope (regression coefficient); e = residual error.

(8)LSE = 0.004 × PV + 0.986

(9)LST = (BT∕(1 + (0.00115 × BT∕1.4388) × ln(LSE)))

(10)SMI =
LSTmax − LST

LSTmax − LSTmin

(11)UHI = LST i − LSTmean∕Stdev

(12)Y = a + bx + e
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3 � Results and discussion

3.1 � Analysis of vegetation cover, vegetation water content, and surface temperature

Table 7 and Fig. 3 present the vegetation cover characteristics, water content, and surface temperature from 1993 to 2023. 
The study area’s mean MSAVI2 values over the past three decades were 0.16, 0.18, 0.19, and 0.18, respectively (Table 7; 
Fig. 3). These results indicate that the vegetation health status of the study area is characterized by average canopy-
covered vegetation under high levels of water stress, exposed to high levels of bare soil and surface temperature. Healthy 
vegetation can mitigate the impacts of surface temperature by reflecting a large portion of incoming solar energy. 
Additionally, LST values are higher in sparsely vegetated, arid, and heavily developed environments [32]. This type of 

Table 6   Linear regression 
model statistical values 
interpretation [8]

Degree of statistical power (s) Coefficient of 
determination 
(R2)

Very strong (perfect) 0.64–1.00
Strong 0.36–0.63
Moderate 0.16–0.35
Weak 0.04–0.15
Very weak 0.00–0.03

Table 7   Vegetation and its 
water content status in the 
CoJ from 1993–2023

Year Statistics Vegetation cover status Water content Surface temperature
condition

MSAVI2 NDVI Pv NDMI UHI (oC) LST (oC) SMI

1993 Min – 1.94 – 0.52 0.06 – 0.60 – 0.19 5.50 0.09
Max 0.86 0.75 0.79 0.61 38.79 44.48 0.40
x̄ 0.16 0.09 0.31 – 0.27 23.8 29.48 0.21
SD 0.14 0.09 0.05 0.10 3.20 3.20 0.03
CV% 87.92 97.36 17.61 – 36.73 13.46 10.86 12.10

2000 Min – 2.68 – 0.62 0.04 – 0.82 – 7.51 2.41 0.20
Max 0.88 0.78 0.79 0.64 29.25 39.18 0.47
x̄ 0.18 0.11 0.31 – 0.25 16.67 26.59 0.29
SD 0.14 0.09 0.05 0.09 2.92 2.92 0.02
CV% 77.00 81.15 16.02 – 37.11 17.54 10.99 7.30

2013 Min – 0.54 – 0.21 0.23 – 0.73 – 2.86 4.60 – 0.10
Max 0.71 0.54 0.9 0.66 58.72 66.19 0.63
x̄ 0.19 0.11 0.46 – 0.04 20.13 27.60 0.37
SD 0.07 0.05 0.04 0.06 2.49 2.49 0.03
CV% 37.74 41.88 8.39 – 133.69 12.36 9.02 8.00

2023 Min – 0.75 –0.27 0.00 – 0.39 – 8.14 – 1.32 0.62
Max 0.68 0.52 0.87 0.39 19.31 26.13 0.92
x̄ 0.18 0.10 0.22 – 0.03 7.74 14.56 0.75
SD 0.08 0.05 0.05 0.06 2.49 2.49 0.03
CV% 43.73 47.91 22.93 –176.04 32.19 17.11 3.67

1993–2023 Min – 0.86 – 0.15 0.14 – 0.37 – 1.93 5.54 0.31
Max 0.73 0.59 0.76 0.26 25.97 33.45 0.58
x̄ 0.18 0.16 0.33 – 0.15 17.08 24.56 0.40
SD 0.09 0.05 0.04 0.07 2.41 2.41 0.02
CV% 0.52 0.32 0.12 – 0.45 0.14 0.10 0.06
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Fig. 3   A spatio-temporal trends of vegetation and surface temperature in CoJ from 1993 to 2023
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vegetation cools the air about two to four times less than dense vegetation cover, reducing the natural cooling system. 
The NDMI confirms this finding, with mean values for CoJ in 1993, 2000, 2013, and 2023 being − 0.27, − 0.25, − 0.04, and 
− 0.03, respectively (Table 7). These values indicate low water content in the vegetation. The NDVI also depicted lower 
vegetation coverage, with mean values for CoJ in 1990, 2000, 2013, and 2023 being 0.09, 0.11, 0.11, and 0.10, respectively. 
Furthermore, the fraction of vegetation calculated from the NDVI over the study years shows lower PV values.

In 1993, the mean MSAVI2 values at 5, 10, and 15 km from the center of CoJ were − 0.20, − 0.44, and − 0.54, respectively. 
The MSAVI2 values within a 5-km radius ranged from − 1.15 to 0.75, which are lower than those within 10 and 15 km radii 
by − 0.18 and − 0.13, respectively. This indicates bare soil in the study area, as assessed by MSAVI2. The NDMI also showed 
that the mean vegetation water content within a 5 km radius was more severe than in the 10 and 15 km radius. The 
mean NDMI values within a 5 km radius were − 0.14, whereas those within the 10 and 15 km radii were 0.04 and − 0.01, 
respectively. This illustrates that the area has mid-low to shallow canopy with high levels of water stress. The mean NDVI 
values within a 5 km radius were 0.11, with similar values within 10 and 15 km radius. The NDVI coverage varied from 
− 0.38 to 0.60 within a 5 km radius, − 0.48 to 0.71 within a 10 km radius, and − 0.52 to 0.75 within a 15 km radius. The Pv 
values were lower within a 5 km radius (0.38) compared to the 10 and 15 km radius. The Pv values ranged from 0.10 to 
0.66 within a 5 km radius, 0.07 to 0.76 within a 10 km radius, and 0.06 to 0.79 within a 15 km radius.

In 2000, we estimated the mean MSAVI2 values within 5, 10, and 15 km radii of the study area to be − 0.66, 0.60, and 
− 0.51, respectively. The MSAVI2 values within a 5-km radius ranged from − 2.06 to 0.74. Similarly, within the 10 km radius, 
the maximum and minimum MSAVI2 values were between − 2.08 and 0.88, indicating better vegetation health than the 
5 and 15 km radio. The lowest and highest MSAVI2 values in the 15-km radius were − 1.84 and 0.81, respectively.

We also found the mean NDMI values within the three radii to be − 0.03, − 0.13, and − 0.03, respectively, indicating 
mid-low canopy cover with high levels of water stress. The NDMI values within a 5-km radius ranged from − 0.52 to 0.45, 
suggesting extremely low to high canopy cover with varying levels of water stress. Similarly, the minimum and maximum 
NDMI values within a 10-km radius ranged from − 0.82 to 0.57, respectively, indicating bare soil, high canopy cover, and 
lack of vegetation water stress. The NDMI values within a 15-km radius ranged from − 0.67 to 0.64, indicating either non-
existent canopy or high canopy cover with vegetation and no water stress.

The mean NDVI values within the three radii were 0.03, 0.12, and 0.10, respectively, classifying the areas as having 
very low vegetation coverage. The NDVI values within the 5-km radius ranged from − 0.53 to 0.59, demonstrating vary-
ing vegetation coverage from very poor to good. Similarly, NDVI values within the 10-km radius ranged from − 0.55 to 
0.78, and within the 15-km radius, from − 0.49 to 0.69. We measured the mean Pv values, including information about 
leaves, stalks, and branches, within the three radii to be 0.34, 0.42, and 0.39, respectively. The Pv values within the 5-km 
radius ranged from 0.05 to 0.63, within the 10 km radius from 0.05 to 0.79, and within the 15 km radius from 0.06 to 0.71.

In 2013, we estimated the mean MSAVI2 values within 5, 10, and 15 km radii of the study area to be 0.07, 0.17, and 
0.08, respectively. These values indicate that the study area is highly characterized by bare soil. However, the minimum 
and maximum MSAVI2 values within a 5-km radius ranged from -0.54 to 0.67, revealing that the area is characterized by 
both bare soil and dense vegetation. This contrast significantly influences the availability of vegetation water content 
and counteracts the impact of surface temperature. During the same period, we measured the mean NDMI values across 
the three radii to be − 0.09, − 0.01, and 0.00, respectively. These observations revealed that the canopy cover ranges from 
extremely low to extremely high, with no water stress under extremely high canopy cover. This is critical for controlling 
surface temperatures and vegetation growth. The mean NDVI values across the 5, 10, and 15 km radii were 0.15, 0.19, 
and 0.14, respectively. The lowest and highest mean NDVI values within a 5-km radius were − 0.21 and 0.50. Similarly, 
the minimum and maximum NDVI values in the 10 and 15 km radii ranged from − 0.16 to 0.54 and − 0.20 to 0.48, respec-
tively. These findings indicate that the area is characterized by very poor to good vegetation cover. We estimated the 
mean Pv values within the 5, 10, and 15 km radii to be 0.54, 0.58, and 0.53, respectively. The Pv values within the 5 km 
radius ranged from 0.23 to 0.85, within the 10 km radius from 0.27 to 0.90, and within the 15 km radius from 0.24 to 0.83.

In 2023, we estimated the mean MSAVI2 values within 5, 10, and 15 km radius to be 0.11, 0.17, and 0.08, respectively, 
indicating bare soil in the study area. However, further investigation within a 5 km radius revealed MSAVI2 values rang-
ing from − 0.32 to 0.55, characterized by bare soil and under-leafed plants. Similarly, the minimum and maximum values 
within 10 and 15 km radii ranged from − 0.32 to 0.66 and − 0.49 to 0.65, respectively, indicating a range from bare soil 
to dense vegetation. We measured the mean NDMI values across the 5, 10, and 15 km radii to be − 0.04, − 0.03, and 
− 0.03, respectively. Overall, the study area’s vegetation water content in 2023 was characterized by low canopy cover 
or mid-low canopy cover with significant water stress. However, NDMI values within a 5-km radius ranged from − 0.32 
to 0.25, indicating low to mid-high canopy cover under high water stress. Similarly, NDMI values within 10 and 15 km 
radii ranged from − 0.36 to 0.31 and − 0.35 to 0.30, respectively. The mean NDVI values within 5, 10, and 15 km radii were 
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0.12, 0.18, and 0.14, respectively. The lowest and highest NDVI values within a 5-km radius ranged from − 0.14 to 0.38, 
indicating very poor to poor vegetation status. Similarly, NDVI values within 10 and 15 km radii ranged from − 0.14 to 
0.50 and − 0.20 to 0.48, respectively. We measured the mean Pv values across the three radii to be 0.33, 0.44, and 0.41, 
respectively. The Pv values within a 5-km radius ranged from 0.04 to 0.61, within a 10 km radius from 0.04 to 0.83, and 
within a 15 km radius from 0.02 to 0.79.

In general, the vegetation health and water content in CoJ, measured by robust remote sensing indices from 1993 
to 2023, are characterized as below normal conditions, with MSAVI2 = 0.18, NDVI = 0.16, Pv = 0.33, and NDMI = − 0.15 
(Table 7).

Table 7 shows that the mean UHI and LST of the study area in 1993 were 23.80 and 29.48 °C, respectively, higher 
than the total study years. The SMI was also lower (0.21) than the other years, demonstrating that increases in UHI and 
LST significantly impact SMI. In 2000, UHI and LST declined by 7.13 and 2.89 °C compared to 1993, respectively, with a 
slight increase in SMI from 0.21 to 0.29. In 2013, the mean UHI, LST, and SMI increased from their 2000 status by 3.46 °C, 
1.01 °C, and 0.08 °C, respectively (Table 7). Furthermore, the mean UHI and LST significantly dropped in 2023 by 12.39 
and 13.04 °C, respectively, while SMI increased by 0.38. The SMI condition of the study area was highly characterized by 
dryness during the periods 1993, 2000, and 2013, with SMI values of 0.21, 0.29, and 0.37, respectively. However, the situ-
ation improved to 0.75 by 2023, conducive to vegetation development (Table 7). The study area’s overall mean UHI, LST, 
and SMI from 1993 to 2023 were 17.08 °C, 24.56 °C, and 0.40 °C, respectively (Table 7). The mean spatial distribution of UHI 
at a 5 km radius covered an area of 78.5 km2 (4.72%) and was higher (21.67 °C) than the 10 and 15 km radius (20.45 °C) 
by 1.23 and 4.64 °C, respectively, from the center of CoJ. The minimum and maximum UHI values at a 5 km radius were 
11.79 and 31.55 °C, respectively. The UHI concentrations within a 10-km radius ranged from 8.56 to 32.33 °C, covering 
an area of 235 km2 (14.2%) of the entire study site. The 15-km radius had the lowest UHI concentration, with a maximum 
value of 34.26 km2 and a minimum value of -0.19 °C.

The mean LST value within a 5-km radius was 27.36 °C, with minimum and maximum LST values of 17.5 and 37.2 °C, 
respectively. This value exceeded the 10 km radius LST concentration by 1.23 °C. The LST concentrations within a 10 km 
radius ranged from 14.2 to 38 °C, and within a 15 km radius, from 5.5 to 39.9 °C. However, there was a slight variation 
of 4.64 °C from the LST concentration within a 5 km radius. The SMI values within a 5-km radius fell between 0.15 and 
0.3. In the 10 and 15 km radius, these values varied from 0.14 to 0.33 and 0.14 to 0.40, respectively, indicating a dry soil 
moisture status. The mean SMI values for the 5, 10, and 15 km radius were 0.23, 0.24, and 0.26, respectively. This may 
directly or indirectly affect the water cycle [31] and exacerbate drought on various scales.

In 2000, the UHI concentration within a 5 km radius of CoJ ranged from 0.5 to 25.7 °C, which was lower than the 10 km 
radius by an average value of − 3.7 °C and higher than the 15 km radius by 3.0 °C. The UHI content was high within a 
10-km radius, varying between 0.48 and 28.9 °C. In contrast, the UHI concentration within a 15-km radius ranged from 
− 7.5 to 27.7 °C. The mean LST value of CoJ was higher within a 10 km radius than within a 5 and 15 km radius by 3.7 
and 6.7 °C, respectively. The lowest and highest LST values within this radius were 15.0 and 39 °C, respectively. The 5 km 
radius of LST values was higher than the 15 km radius by 3.03 °C, ranging from 10 to 36.0 °C. In contrast, the 15-km radius 
had a low LST status, with values ranging from 2.4 to 38.0 °C. The mean SMI status within 5, 10, and 15 km radii ranged 
from 0.30 to 0.31, respectively. The maximum and minimum SMI values within a 5-km radius ranged from 0.23 to 0.41. 
Similarly, the SMI values within a 10-km radius ranged from 0.20 to 0.38, and within a 15-km radius, from 0.21 to 0.47. 
This indicates significant soil moisture stress in the study area.

In 2013, researchers found that the UHI values within a 5 km radius were 17.46 °C, exceeding those within a 10 and 
15 km radius by 5.61 and 5.21 °C, respectively. The lowest and highest UHI values within this radius ranged from 6.96 
to 27.96 °C. Conversely, the minimum and maximum UHI values within a 10 and 15 km radius were -2.86 to 26.57 and 
− 2.15 to 26.65 °C, respectively. The mean UHI values for the 10 and 15 km radii were 11.85 and 12.25 °C, respectively. 
The LST values within a 5 km radius of the study area were higher than those within 10 and 15 km by 5.61 and 5.21 °C, 
respectively, mirroring the mean UHI values since they were derived from LST. The mean LST values for the 5, 10, and 
15 km radii were 24.93, 19.32, and 19.72 °C, respectively. Following the 5 km radius, the second-highest LST accumula-
tion in the study area was within a 15 km radius, comparable to the 10-km radius. The SMI values in the 5 km radius were 
lower than those in the 10 and 15 km radii. The mean SMI value for the 5 km radius was 0.4, while those for 10 and 15 km 
were 0.46. The minimum and maximum SMI values for the 5 km radius were 0.27 and 0.52. In contrast, SMI values within 
a 10 and 15 km radius ranged from 0.29 to 0.63.

In 2023, the mean UHI values ranged from 4.32 to 5.33 °C. Notably, we observed higher UHI values in a 10 km radius 
compared to those in 5 and 15 km areas, likely due to sparse vegetation cover. Within this radius, UHI values ranged 
from − 5.18 to 15.85 °C, indicating a 1.01 and 1.03 °C increase in mean UHI values. The average UHI values for 5, 10, and 
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15 km radii were 4.32, 5.33, and 4.30 °C, respectively. We also found that the CoJ’s LST values within a 10 km radius were 
1.01 and 1.03 °C higher than those within 5 and 15 km radius, with a mean LST value of 12.15 °C. The SMI values across 5, 
10, and 15 km radii indicated similar moisture stress, ranging from 0.78 to 0.79. The minimum and maximum values for 
each radius were: 5 km (0.69–0.88), 10 km (0.66–0.89), and 15 km (0.66–0.92). Compared to previous years, we observed 
lower UHI, LST, and SMI values in 2023, indicating consistent wetness throughout all radii. Typically, SMI declines when 
UHI and LST increase, leading to decreased healthy vegetation cover. Anthropogenic factors, such as high energy use 
due to population growth, exacerbating LST, substantially impacting vegetation growth and development. Analyzing 
the relationship between spectral indices allows for a quantitative evaluation of changes in vegetation quality [29].

3.2 � Statistical relationship between vegetation, vegetation water content, and surface temperature

Figure 4a–t displays the statistical relationships among vegetation, vegetation water content, and surface tempera-
ture. Our findings indicate that the correlation coefficients among these indices were statistically significant at p < 0.01; 
n = 1,048,575. For instance, the correlation coefficient between NDVI and MSAVI2 was statistically significant (R2 = 0.99; 
p < 0.01) (Fig. 4a), suggesting that the regression model can account for 99.99% of the variation in MSAVI2. This indicates 
a significant concordance between NDVI and MSAVI2, essential for defining vegetation and assessing young plant health. 
A positive relationship exists between NDVI and MSAVI2, where increasing NDVI values tend to increase MSAVI2 values. 
Pravalie et al. [29] reported lower R2 values (0.15 and 0.92) for the statistical relationship between MSAVI2 and NDVI for the 
years 1990 and 2011. However, our study suggests that considering mean long-term values of the two indices provides 
the best indication of their relationship. A substantial correlation (R2 = 0.36; p < 0.01) exists between NDMI and MSAVI2 
(Fig. 4b). The regression model explains 36% of the variation in MSAVI2, indicating that MSAVI2 tends to increase with 
NDMI. Viswambharan et al. [41] reported NDMI values ranging from -0.71 to 0.75 in 2001 and − 0.33 to 0.40 in 2021. We 
also found a high and positive correlation between NDVI and NDMI (R2 = 0.39; p < 0.01) (Fig. 4c). Since NDVI is depend-
ent on NDMI, our study suggests that NDVI tends to increase as NDMI increases. The statistical correlation coefficients 
for Pv-NDVI and Pv-MSAVI2 are both positive and significant (R2 = 0.99; p < 0.01) (Fig. 4d and e). Similarly, a statistically 
significant and positive relationship (R2 = 0.40; p < 0.01) exists between Pv and NDMI (Fig. 4f ), indicating that the regres-
sion model explains 40% of the NDMI variation. As a result, NDMI tends to increase with Pv.

Figure 4g shows a weakly negative correlation (R2 = 0.08; p < 0.01) between MSAVI2 and LST, indicating that the regres-
sion model can account for 8% of the variation in LST. This negative relationship suggests that as MSAVI2 increases, LST 
tends to diminish. Similarly, a weakly negative statistical correlation (R2 = 0.08; p < 0.01) exists between NDVI and LST 
(Fig. 4h). This demonstrates that the regression model explains 8% of the variation in LST, influenced by the significant 
impact of vegetation amount in the study area. Viswambharan et al. [41] reported a weakly negative correlation between 
NDVI and LST in 2001 (R2 = 0.37) and 2021 (R2 = 0.16). Typically, LST declines as NDVI values increase. Gidey et al. [10] 
found weak and negative links between NDVI and LST, with R2 values ranging from 0.40 to 0.62. Guha et al. [13] also 
reported a negative correlation between LST and NDVI. Adeyeri et al. [3] noted that built-up area expansion accelerates 
increased LST and decreased vegetation cover. Morabito et al. [26] reported a positive and highly significant linear rela-
tionship between built-up surfaces and LST (p < 0.01). The increase in LST affects the urban microclimate and intensifies 
the urban heat island effect [26], due to thermal transfer between buildings and the atmosphere [6]. This study proves 
that vegetation cover tends to decline as LST rises, as healthy vegetation with sufficient moisture content can reduce 
LST in the Metropolitan CoJ. However, seasonality can vary the level of relationship between LST and NDVI. Based on 
this relationship, we can determine the soil moisture content [25] of the study area.

Figure 4i shows a high and negative statistical correlation (R2 = 0.54; p < 0.01) between NDMI and LST, indicating that 
the regression model can account for 54% of the variation in LST. As NDMI increases, LST tends to decrease. Similarly, a 
statistically significant weakly negative relationship (R2 = 0.09; p < 0.01) exists between Pv and LST (Fig. 4j), suggesting 
that LST decreases as Pv increases. A weakly negative statistical relationship (R2 = 0.08; p < 0.01) exists between MSAVI2 
and UHI (Fig. 4k), with the regression model explaining 8% of the variation in UHI. As MSAVI2 increases, UHI tends to 
decrease. Similarly, a statistically significant weakly negative relationship (R2 = 0.08; p < 0.01) exists between NDVI and 
UHI (Fig. 4l), indicating that UHI decreases as NDVI increases. Figure 4m shows a strongly negative and statistically 
significant relationship (R2 = 0.54; p < 0.01) between NDMI and UHI. The regression model can account for 54% of the 
variation in UHI, demonstrating that UHI declines as NDMI increases. Furthermore, a weakly negative but statistically 
significant relationship (R2 = 0.09; p < 0.01) exists between Pv and UHI (Fig. 4n), with the regression model explaining 9% 
of the variation in UHI.
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The model also shows that UHI tends to decrease as Pv increases. Figure 4o illustrates a positive but weak sta-
tistical relationship between MSAVI2 and SMI (R2 = 0.07; p < 0.01). The regression model can account for 7% of the 
variation in SMI, indicating that SMI tends to increase with MSAVI2. A weak but positive statistical relationship 

Fig. 4   a-t Statistical relationships among vegetation cover, vegetation water content, and surface temperature
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(R2 = 0.08) exists between NDVI and SMI (Fig. 4p), with the regression model explaining 8% of the variation in SMI. 
This suggests that SMI increases along with NDVI. Furthermore, a strong positive and statistically significant cor-
relation (R2 = 0.53; p < 0.01) exists between NDMI and SMI (Fig. 4q). The regression model can account for 53% of 
the variation, demonstrating that SMI increases with NDMI. A weakly positive correlation between Pv and SMI is 
statistically significant (R2 = 0.08; p < 0.01) (Fig. 4r), indicating that the regression model can account for 8% of the 
variation in SMI. This means that SMI tends to increase with Pv. Figure 4s shows a statistically significant negative 
relationship (R2 = 0.99; p < 0.01) between LST and SMI, with the regression model explaining 99.99% of the variation 
in SMI. The negative correlation indicates that SMI decreases as LST increases. Figure 4t shows a significant and 
strong statistical correlation (R2 = 0.99; p < 0.01) between UHI and SMI. The negative correlation indicates that SMI 
tends to decrease as UHI increases.

Fig. 4   (continued)
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4 � Conclusions

This study models and analyzes vegetation cover and its role in mitigating surface urban heat islands. Robust remote 
sensing indices from 1993 to 2023 reveal that the overall vegetation health and water content in the City of Johan-
nesburg (CoJ) are below average, with MSAVI2 = 0.18, NDVI = 0.16, Pv = 0.33, and NDMI = − 0.15. Similarly, the mean 
surface conditions are characterized by UHI = 17.08 °C, LST = 24.56 °C, and SMI = 0.40. These findings indicate that 
the study area is marked by sparse canopy cover, significant water stress, and widespread bare soil exposure, all 
contributing to the urban heat island effect. Dry, sparsely vegetated, and densely developed areas exhibit higher 
land surface temperatures and UHI intensity. From 1993 to 2023, vegetation indices (MSAVI2, NDVI, NDMI, and Pv) 
remained consistently low across 5, 10, and 15 km radii. As a result, UHI and LST peaked in 1993 but declined signifi-
cantly by 2023, aligning with improvements in SMI values. Spatial analysis shows that areas with limited vegetation 
and dense urbanization have higher LST and UHI, while greener zones provide natural cooling. Healthy vegetation 
mitigates surface temperatures and enhances vegetation water content. Notably, a statistically significant relation-
ship (p < 0.01; n = 1,048,575) exists among vegetation indices, vegetation water content, and surface temperature. 
The analysis suggests that developing parks and green urban areas can offer an environmentally and economically 
viable strategy for mitigating urban heat island effects. These findings underscore the need to increase green spaces 
and vegetation to combat urban heat islands, thereby improving the city’s resilience to heat stress and enhancing 
residents’ quality of life.
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