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Abstract: Restoration of degraded land is a significant concern in the 21st century in order to combat
the impacts of climate change. For this reason, the provisional government of Khyber Pakhtunkhwa
(KPK), Pakistan, initialized a Billion Tree Tsunami Project (BTTP) in 2013 and finished it in 2017.
Although a few researchers have investigated the land use transitions under BTTP in the short term
by merging all the vegetation types into one, analysis of the long-term benefits of the project and
future persistence were missing. Furthermore, the previous studies have not discussed whether
the prime objective of the BTTP was achieved. Considering the existing gaps, this research mainly
involves analyzing (i) fluctuations in the green fraction by employing a land change modeler (LCM),
along with the spatial location of gain-loss and exchange analysis using a high-resolution dataset
(GLC30); (ii) forest cover changes under the influence of the BTTP; (iii) impacts of green fraction
changes towards land surface temperature (LST) by utilizing the less-explored technique of curve
fit linear regression modeling (CFLR); and finally, (iv) assessing the persistence of the NDVI and
LST trends by employing the Hurst exponent. Research findings indicate that as an output of BTTP,
despite the government’s claim of increasing the forest cover by 2%, a significant gain of grassland
(3904.87 km2) was observed at the cost of bare land. In comparison, the overall increase in forest
cover was only 0.39%, which does not satisfy the main objective of this project. On the other hand, the
CFLRM-based actual contributions of land cover change (LCC) transition to LST indicate a significant
decline in LST in the areas with gains in green fraction for both grassland and forest. At the same
time, an increase was observed with reverse transitions. Although the results appear positive for
climatic impacts in the short term, the HURST model-based persistence analysis revealed that the
spatial locations of increasing vegetation and decreasing LST trends fall under the weakly persistent
category, therefore these trends may not continue in the near future. Despite some positive impact on
LST attributed to the green fraction increase, this project cannot be regarded as a complete success
due to its failure to achieve its prime objective.

Keywords: land surface temperature; land cover change; climate change; Billion Tree Tsunami Project;
Hurst exponent

1. Introduction

The pace of land cover changes (LCCs) has surged four times in the last few decades [1]
as the global urban population continuously increases (51% in 2010) and is estimated to
reach 80% of global population by the year 2050 [2]. The upsurge in urban population puts
pressure on resources. It causes land cover changes within a specific area, as an increase in
population requires several facilities, e.g., housing, industry, roads, and other infrastructure,
causing severe LCC transitions. In the last few decades, the LCC transitions have been
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happening at a macro scale, in which forest cover has been transformed into cultivated
land, and cultivated land has changed into artificial surfaces to cater to human needs [3].
On the other hand, an unprecedented proliferation of artificial surfaces, intensification in
agriculture, and significant alteration of the green cover fraction can play a vital role in
altering ecosystems, e.g., biodiversity loss, soil erosion, water cycle disruption [4], loss of
ecosystem services, disruption of ecological relationships [5], and alternating land surface
temperature (LST) [6,7]. Recently, several studies [1,8,9] have investigated the effects of
land cover changes on the global environment, especially on LST [10], as variations in
land cover categories can significantly influence LST [11–13]. Each land cover type makes
a different contribution to the LST as every land cover type possesses a unique surface
value of reflectance, coarseness, and distinctive qualities in terms of energy radiation
and absorption [14–17]. To investigate these impacts and relations, remote sensing data
has been widely used with acceptable accuracy for LST estimations [18,19] and LCC
investigations [20]. Although direct observations from local meteorological stations provide
more accurate data with higher temporal resolution as compared to remote sensing, these
data have limitations such as expensiveness, data unavailability for remote areas, and also
the requirement for different statistical methods to first be applied before becoming useful
for further studies [21,22]. On the other hand, remote sensing data is mostly cost-free
and has continuously provided high spatial resolution imageries for diverse applications
regarding environmental aspects since 1972 [18,20,23]. This continuity of the data and the
online data analysis platform Google Earth Engine (GEE) provides the facility to analyze
big data on cloud servers, eliminating the inconvenience of downloading the data onto
local disks [24].

Recently, numerous studies have used remote sensing approaches to investigate
environmental problems. Since the late 19th century, the global mean surface temperature
has been increasing at an average rate of 0.08 ◦C per decade [25–27]. Additionally, according
to the sixth assessment report (AR6) A.1.2 of the Inter-Governmental Panel on Climate
Change (IPCC), the worldwide average temperature was 0.99 ◦C higher in the first two
decades (2001–2020) of the 21st century as compared to the period from 1850 to 1900. To be
precise, a 1.59 ◦C increase in temperature was observed on the land masses and a 0.88 ◦C
increase was observed over the ocean surface [28]. Similarly, some other researchers, e.g.,
Xiao et al. [29], reported a 0.5 ◦C increase in LST in Guizhou, China, in three years due to a
significant reduction in green cover. Hamdi et al. [30] have argued that the LST of Belgium
has been rising at the rate of 0.15 ◦C for every decade since 1960 due to urbanization.
Ovalle et al. [31] have reported an increase of approximately 11 ◦C in LST due to land cover
changes (LCCs) in Luis Potosi, Mexico, in the last two decades. Using the Landsat series
data, Jalan et al. [32] noted that the LST has increased from about 2.9 ◦C to 4.0 ◦C in Jaipur,
India. Rehman et al. [21] have reported a 6 ◦C increase in LST due to global warming and
loss of green fraction in Sindh Creeks.

To address the rising global warming problem, in 2015, 195 nations signed the Paris
Agreement under the United Nations Framework Convention on Climate Change (UN-
FCCC) to reduce global warming to below 2 ◦C and, preferably, 1.5 ◦C [33]. Additionally,
to tackle global warming issues, several nations initialized afforestation projects, e.g., the
Great Green Wall (Africa) [34], China’s Three-North Shelterbelt Project [35], the Bonn
Challenge (Global) [36], the European Union’s Green Deal, Australia’s 20 Million Trees
Program, 20 × 20 Initiative (Latin America and the Caribbean) [37], and many more have
been proved successful at the cost of bare land. Following this, Pakistan ranks 5th on the
list of most populated countries, with 241.49 million inhabitants [38], and 8th on the list
of countries most susceptible to the effects of climate change [39]. Moreover, Pakistan is
among the least-wooded countries, with forests covering less than 5% of its land area [40].
Additionally, according to the Forest Department of Pakistan, Pakistan has lost 25% of
natural forest cover in the last few decades, with an annual rate of loss of more than 2% [41].
The country’s natural forests are subjected to deforestation due to the transformation of
cultivated land, overgrazing, and the acquisition of wood fuel [42]. To cope with these
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scenarios, in 2013, the provincial government of Khyber Pakhtunkhwa (KPK), Pakistan,
launched an afforestation project called the “Billion Tree Tsunami Project (BTTP)” to increase
forest cover by 2% by planting one billion trees in the region, with the prime objective of re-
ducing land degradation and restoring previously degraded land by the year 2020 [43]. This
project was completed and achieved the required objectives in 2017 [44], which dramatically
reshaped the region’s land cover scenario.

As the project was completed in 2017, it attracted researchers to investigate its impacts
on climate. Mumtaz et al. (2023) have evaluated the effects of BTTP on carbon emission
and temperature [39]. Khan et al. (2021) have assessed the success of plantation activities
and the survival of vegetation in the Malakand forest division (a small proportion of the
BTTP) [45]. Abbas et al. (2023) examined three different forest sites after the first phase
of the BTTP and reported that the forest plantation and protected natural regeneration
performance remained variable across these three regions, with moderate growth in the
fraction of vegetation cover (FVC) [46]. Tariq et al. (2022) reported a 12.7% increase in
vegetation cover in Peshawar under the BTTP [47]. Mumtaz et al. (2020) reported a decrease
in LST with an increase in vegetation over Peshawar city [13]. However, these studies
have discussed the overall green fraction changes and their impacts by merging all the
classes into a single class (vegetation) instead of the separate evaluation of each vegetation
class to assess the success of the BTTP. Furthermore, investigation of the long-term benefits
of the project remains untouched. Hence, considering the limitations mentioned, we
have analyzed in detail the land cover changes by further separating the vegetation into
four classes: forest cover, cultivated land, shrubland, and grassland, to understand better
which type of vegetation is increased after the BTTP. The current study has utilized a
high-resolution dataset (GLC30) to study land cover changes in KPK province, Pakistan,
from 2000 to 2020. Considering the literature on LCCs’ impacts on LST and the BTTP, the
current investigation intended to (1) monitor the land cover changes under BTTP over the
region in the last two decades by utilizing a land change modeler (LCM), (2) quantify the
influence of each LCC transition on LST variations by applying the cutting-edge curve fit
linear regression (CFLR) model, (3) discover vegetation and LST trends by employing a
linear regression model, and (4) evaluate vegetation and LST persistence by employing
the Hurst exponent. The findings of this research will provide details about the success of
BTTP and lead to detailed guidelines, which are expected to be helpful for policymakers in
further afforestation projects to restore Forest cover and degraded land.

2. Study Area and Data
2.1. Study Area

Khyber Pakhtunkhwa (Figure 1), commonly referred to as either KP or KPK, is the
third largest province in Pakistan with a total population of 40.85 million, and the fourth
most extensive by land area at 101,741 km2 [38]. It is geographically located at 34.9526◦

N, 72.3311◦ E, with a varied landscape ranging from rugged mountain ranges, valleys,
plains surrounded by hills, undulating submontane areas, and dense agricultural farms
making the average elevation 2135 m (masl) with a minimum and maximum elevation of
170 m and 7856 m respectively (https://en-gb.topographic-map.com/map-cpsdn/Khyber-
Pakhtunkhwa/) (accessed on 9 May 2023). These mountains exhibit a complex geological
history, with thrust faulting, folding, and extensive glaciation shaping the landscape over
millions of years. The region also features vast sedimentary basins, such as the Potwar
Basin, which holds significant hydrocarbon reserves. Furthermore, KPK is marked by deep
river valleys, high plateaus, and steep slopes, with the Indus River serving as a prominent
geological feature, carving through the landscape and depositing fertile alluvial plains [48].
Regarding climate characteristics, KPK is categorized as a humid subtropical climate (Cfa)
in the Köppen climate classification system. The average temperature ranges from 7.11 ◦C
to 32.42 ◦C; however, the minimum and maximum temperatures can differ significantly
depending on the specific season and area of the province due to the diversity of topography
and elevation (https://en.climate-data.org/asia/pakistan/khyber-pakhtunkhwa-2239/)

https://en-gb.topographic-map.com/map-cpsdn/Khyber-Pakhtunkhwa/
https://en-gb.topographic-map.com/map-cpsdn/Khyber-Pakhtunkhwa/
https://en.climate-data.org/asia/pakistan/khyber-pakhtunkhwa-2239/
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(accessed on 14 November 2023). The provincial government of KPK embarked on the BTTP,
an afforestation initiative, in 2013 [43], precipitating substantial LCCs over the past decade.
Concurrently, the province’s population surged from 17.7 million to 30.5 million from
1998 to 2017 (40.85 million 2023) [38], an increase of more than double. This demographic
upsurge has exerted significant pressure, inducing notable changes in land cover across the
region. These factors collectively motivated our selection of this region for in-depth study.
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Figure 1. Study Area map (KPK).

2.2. Land Cover Data

To achieve the predetermined objectives, the current study employed high-resolution
(30 m) datasets, including the “Global land cover-GLC30” dataset (https://globeland30.org)
(accessed on 21 December 2023) which was generated using multi-spectral images from
Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+),
Landsat 8 Operational Land Imager (OLI), HuanJing (HJ)-1, and Gaofen (GF)-1. The
product provides global land cover data for 2000, 2010, and 2020 with an overall accuracy
ranging from 83.50% to 85.72% and a Kappa coefficient of 0.78–0.82. GLC30 includes
10 land cover classes in total, namely cultivated land, forest, grassland, shrubland, wetland,
water bodies, tundra, artificial surface, bare land, and perennial snow and ice. To validate
the land cover classification results of this product for the KPK region, 270 points (30 for
each land cover type) were randomly plotted to assess the accuracy using Google Earth.
The overall accuracy was calculated utilizing the Landsat imagery.

2.3. Landsat Data

The joint National Aeronautics and Space Administration (NASA)/U.S. Geological
Survey (USGS) program, Landsat series, has been providing continuous high spatial
resolution (30–120 m) data since 1972, which was made freely available to the public in
2008 [48]. In this study, we have utilized thermal observations from Landsat 5 Thematic
Mapper (TM) and Landsat 8 Thermal Infrared Sensors (TIRs). Thermal observations from
Landsat 5 TM (band 6) and Landsat 8 TIRs (band 10 and band 11) were originally at 60 m

https://globeland30.org
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and 100 m spatial resolution, respectively, which were resampled to 30 m. The mean
seasonal imageries for the corresponding years were used to retrieve the LST, i.e., summer
(June–September) and winter (December–February). Further, for the Hurst model, NDVI
data for the growing season (May–November) was utilized with a <10% cloud cover filter
in JavaScript in Google Earth Engine (GEE).

3. Methods
3.1. Land Cover Change and Transitions

To prepare the LCC transition matrices, the data of GLC30 was reclassified into nine
classes, including artificial surfaces, bare land, forest, grassland, shrubland, cultivated
land, wetland, water bodies, and permanent ice and snow, according to the first level
classification standard of Land Use Status Classification (GB/T2010-2017 [39]), and the
tundra class was merged with the shrubland category. To further validate the land cover
change (LCC) classifications, we have applied ground truth data in ArcGIS 10.4 which was
acquired from Google Earth to calculate the overall accuracy, and this revealed an overall
accuracy of more than 85% for all LCC classes. Further, the LCC maps were generated by
employing the land change modeler (LCM) in IDRISI 2020, a specialized tool that facilitates
the analysis and modeling of temporal land cover change [49–51]. LCM was utilized to
evaluate the rate and spatial location of gains and losses, transitions, and exchanges in LCC
over KPK in the last two decades (2000–2020).

3.2. Land Surface Temperature Retrieval

This research utilized the thermal band (B6) of Landsat 5 TM and Band 10 of the Land-
sat 8 TIRs for the estimation of summer and winter mean LST. All the necessary radiometric
correction was done using Google Earth Engine (GEE). Considering the accuracy and feasi-
bility of Landsat 8 TIRs, which contain two thermal bands (B10 and B11), a single-channel
algorithm was utilized [52,53] as per the USGS’s advice against utilizing the split-window
for acquiring the LST because of the uncertainties associated with the observations of the
second thermal band [15]. Moreover, the 15-min time lag between TM and TIRs is not an
obstacle to the analysis. Estimating the LST from the Landsat series necessitates several
steps, which include the transformation of digital number (DN) to spectral radiance (Lλ),
the calculation of brightness temperature (BT), and adjusting the emissivity [54–56].

The spectral radiance of Landsat 5 TM band 6 was calculated with the following
equation:

Lλ =

(
LMAXλ − LMINλ

QCALMAX − QCALMIN

)
∗ (QCAL − QCALMIN) + LMINλ (1)

where Lλ = Spectral radiance (Wm−2 sr−1 µm−1), QCAL = Quantized calibrated pixel value
in Digital Number (DN), and LMINλ and LMAXλ = Spectral radiance scaled to QCALMIN
(Wm−2 sr−1 µm−1) and QCALMAX (Wm−2 sr−1 µm−1), respectively. QCALMIN and
QCALMAX = Minimum and Maximum quantized calibrated pixel value in DN correspond-
ing to LMINλ (DN = 0) and LMAXλ (DN = 255).

The top-of-atmosphere (TOA) spectral radiance was calculated using Equation (2) in
the case of Landsat 8 TIRS:

TOA(Lλ) = ML ∗ QCAL + AL (2)

where ML is the multiplicative rescaling factor of the thermal band (B10), QCAL is the Level
1 pixel value in DN, and AL is the additive rescaling factor of the thermal band.

With the help of two thermal constants and TOA(Lλ), the Brightness Temperature
(BT) was calculated from the following equation [57]:

BT =

(
K2/(ln

(
K1

TOA(Lλ)

)
+ 1)

)
− 273.15 (3)
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where K1 and K2 are the calibration constants. For Landsat 5 TM, the K1 constant =
607.76 Wm−2 sr−1 µm−1 and K2 = 1260.56 Wm−2 sr−1 µm−1. For Landsat 8 TIRS the
K1 = 774.8853 Wm−2 sr−1 µm−1 and K2 = 1321.0789 Wm−2 sr−1 µm−1, and TOA (Lλ) is
spectral radiance in Wm−2 sr−1 µm−1.

Normalized Difference Vegetation Index (NDVI) was calculated using Equation (4):

NDVI = (NIR − RED)/(NIR + RED) (4)

where RED is the reflectance of the red band, and NIR is the reflectance of the
near-infrared band.

For further processing to obtain the LST, land surface emissivity (ε) was required,
which was then calculated using the proportion of vegetation (Pv) using the NDVI threshold
as proposed by [52] using Equations (5) and (6):

Pv =

(
NDVI − NDVImin

NDVImax − NDVImin

)2
(5)

ε = aPv + b (6)

where a = 0.004 and b = 0.986.
The land surface temperature (LST) was calculated using Equation (7):

LST =

 BT

1 +
(

0.00115 × BT
1.4388

)
∗ Ln(ε)

 (7)

3.3. LST and Vegetation Persistence Analysis Using the Hurst Exponent

The Hurst exponent remains a less-explored method to investigate the persistence
of trends in vegetation and LST dynamics. Rescaled range analysis (R/S analysis) is a
statistical technique that utilizes the Hurst exponent, computed from the auto-covariance
function, to evaluate consistency and long-range dependencies in time series data. The
auto-covariance function quantifies the correlation of a process with itself at varying time
intervals. This Hurst exponent, derived from the auto-covariance, serves as a parameter to
determine whether the natural phenomena represented by the time series exhibit persistent
or anti-persistent behavior [58]. The auto-covariance function’s capacity to capture long-
term memory effects that diminish exponentially, coupled with a spectral density that tends
towards infinity, renders it particularly advantageous for investigating phenomena charac-
terized by long-range dependencies or fractal-like patterns. This analytical approach has
found extensive applications across diverse fields, including geology, hydrology, economics,
and climatology, enabling researchers to gain insights into the underlying dynamics of
complex systems [59]. The Hurst exponent was calculated using the method proposed
by [60] following Equations (8)–(12).

This method involves several steps for analyzing a time series {ξ(τ) (τ = 1, 2, . . ., n)} by
dividing it into τ sub-series x(t), where t ranges from 1 to τ. The key steps are as follows:

1. Mean sequence calculation,

⟨ξ⟩τ =
1
τ ∑τ

t=1 x(t), τ = 1, 2, . . . , n (8)

2. Cumulative deviation computation,

X(t, τ) = ∑t
u=1(ξ(u)− ⟨ξ⟩τ), 1 ≤ t ≤ τ (9)

3. Range sequence creation,

R(τ) = max
1≤t≤τ

X(t, τ)− min
1≤t≤τ

X(t, τ), τ = 1, 2, . . . , n (10)
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4. Standard deviation sequence construction,

S(τ) =
(

1
τ ∑τ

t=1(ξ(t)− ⟨ξ⟩τ)
2
)1/2

, τ = 1, 2, . . . , n (11)

5. Range rescaling,
R(τ)
S(τ)

= (cτ)H (12)

The H value ranges from 0 to 1, with 0.5 representing a random walk (drunkard’s
walk), which is also known as the Brownian series [61]. A value of H ranging from 0.5 to
1 signifies a “persistent trend”, indicating increasing stability of the data as H approaches 1.
Conversely, an H value below 0.5 denotes an “anti-persistent trend”, with values closer
to 0 indicating instability within the time series [62,63]. We have further reclassified the
values into five classes: H value > 0.7 = strongly persistent, H value 0.56–0.69 = weakly
persistent, H value 0.46–0.55 = random, H value 0.31–0.45 = weakly anti-persistent, and
H values < 0.3 = strongly anti-persistent. The Hurst exponent was applied to preprocessed
NDVI and LST imagery using pracma, raster, rgdal, and ggplot2 libraries in the R 4.0.2
programming language.

3.4. Calculating the Actual Contribution of LCCs to LST

To evaluate the relationship between LST and LCC transition (calculated by employing
a land change modeler LCM), this research utilized a less explored technique, the CFLR
model, which is an external extension in ArcGIS and can perform raster-to-raster correlation.
The equation for the linear regression is as follows:

Y = aX + b (13)

where Y represents the dependent variable, X stands for the independent variable, a denotes
the intercept, and b represents the slope coefficient. Additionally, the zonal statics (ArcGIS
10.4) were applied to find the LST and NDVI values to calculate each land cover category’s
temperature and vegetation trends.

4. Results
4.1. Land Cover Changes under BTTP

Figure 2 indicates the LCC patterns of KPK province in the last two decades, with the
statistics in Table 1. An apparent surge in artificial surfaces, which have almost doubled in
the previous two decades, can be noted, with an evident increase in grassland and forest at
the cost of bare land.

Table 1. Land cover changes in sq. kilometers and percentage from 2000 to 2020 in KPK.

Land Cover Class
2000 2020

Square Kilometers Percentage % Square Kilometers Percentage %

Cultivated land 28,196.8 27.95 28,072.8 27.82

Forest 15,506.2 15.37 15,897.0 15.76

Grassland 29,081.6 28.82 31,411.6 31.13

Shrubland 1423.1 1.41 1453.3 1.44

Wetland 138.7 0.14 101.6 0.10

Water bodies 613.9 0.61 781.6 0.77

Artificial Surfaces 668.8 0.66 1142.9 1.13

Bare Land 19,630.4 19.46 16,802.8 16.65

Permanent snow and ice 5635.2 5.59 5232.1 5.19
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The results in Figure 2a–e and Table 1 indicate that the area of artificial surfaces has
increased from 688.8 km2 (0.66%) in 2000 to 1142.9 km2 (1.13%) in 2020. Although a positive
growth of green fraction classes (e.g., grassland, forest, shrubland) was observed, the
most significant growth was observed in grassland (from 29,081.6 km2 (28.82%) in 2000
to 31,411.6 km2 (31.13%) in 2020). On the other hand, forest cover has slightly increased,
rising from 15,506.20 km2 (15.37%) to 15,897.0 km2 (15.76%) during the last two decades;
contrary to the claims of the government of KPK that the BTTP increased forest by 2%
(https://few.kp.gov.pk/page/about_billion_tree_tsunami_afforestation_project (accessed
on 24 November 2023)) [43], results from our investigation indicate that forest has increased
by merely 0.39%. Although the overall vegetation cover has increased, a significant increase
of more than 2% is found in grassland, not in forest cover, which was the prime objective
of the BTTP. Similarly, water bodies and shrubland have also revealed an increase from
0.61% to 0.77% and from 1.41% to 1.44%, respectively, of the total land area of KPK from
2000 to 2020. Additionally, a declining trend of cultivated land, permanent snow and
ice, and bare land, with reductions from 28,196.8 km2 (27.95%), 5635.2 km2 (5.59%), and
19,630.4 km2 (19.46%) to 28,072.8 km2 (27.82%), 5232.1 km2 (5.19%), and 16,802.8 km2

(16.65%), respectively, was observed.

4.2. Land Cover Change Transitions

After carefully evaluating the LCC trends, we further employed the LCM model to
validate the trends and observe the transitions of LCCs to better recognize the interactions
between land cover types in the region in the last two decades and specifically after the
BTTP. Results in Figure 3 and Table 2 clearly illustrate each LCC transition’s spatial locations
and area for the last twenty years in the region. Even though an overall change from bare
land to vegetation is observed, this does not prove that the objectives of the BTTP were
achieved. The transition matrices revealed that an area of 3904.87 km2 of bare land has
changed into grassland (which was not a prime objective of the BTTP), whereas an area
of merely 708.10 km2 has changed into forest cover. Meanwhile, an area of 330.30 km2 of

https://few.kp.gov.pk/page/about_billion_tree_tsunami_afforestation_project
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forest cover transformed back into bare land, making a net change of just 377.80 km2 from
bare land to forest, which cannot be considered significant compared to the transformation
from bare land to grassland.
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Table 2. Land cover change transitions in square kilometers from 2000 to 2020 in KPK. The table
shows the land cover changes from each land cover class in the first column to the land cover classes
in the first row in square kilometers.

Cultivated
Land Forest Grassland Shrubland Wetland Water

Bodies
Artificial
Surfaces

Bare
Land

Permanent
Snow and

Ice

Cultivated
Land 26,823.2 333.5 441.8 4.4 3.7 68.6 486.8 32.7

Forest 330.6 12,238.4 2473.2 92.1 3.3 29.9 4.2 330.3 4.1

Grassland 512.7 2493.5 23,780.0 246.7 12.1 154.0 36.5 1702.4 143.8

Shrubland 20.3 92.8 232.4 786.3 0.3 4.2 0.4 246.7 39.8

Wetland 11.7 8.1 12.1 0.1 54.4 23.3 0.2 28.9

Water bodies 47.7 4.2 86.9 1.3 17.2 426.8 1.3 27.1 1.3

Artificial
Surfaces 7.4 3.6 3.3 0.0 0.0 0.7 603.7 0.5

Bare Land 269.4 708.1 3904.9 277.3 10.6 73.3 7.7 14,093.3 286.0

Permanent
Snow and ice 0.0 14.6 477.0 45.0 0.4 340.9 4757.2

In addition, an area of 512.70 km2 of grassland, 330.6 km2 of forest, and 269.4 km2 of
bare land have changed into cultivated land, and an area of 486.80 km2 of cultivated land
has transformed into artificial surfaces in the region over the years considered. Permanent
snow and ice have shown a decline in the total area over the years because of transformation
into grassland and bare land, with an area of 477.0 km2 and 340.9 km2, respectively.
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4.3. Gain and Loss among LC Classes over the Period 2000 to 2020

After evaluating the LCC trends and transitions, we have applied a land change
modeler for ecological sustainability to accurately determine the spatial locations where
the LCC transformations have occurred.

Figure 4a shows that most cultivated land remained unaltered with a few losses
near the central upper region of the province, where artificial surfaces have shown gains
(Table 2). Furthermore, Figure 4b shows that forest cover losses coincide with the grassland
class’s spatial gain locations. At the same time, losses in grassland spatially coincide with
forest cover gains (Figure 4c). The results in Figure 4c,d indicate that the spatial locations
of the gains in grassland align with the spatial location of the losses in bare land. The
substantial losses in bare land (2828.4 km2) (Table 1) have contributed a significant portion
of the grassland gains (approximately 2300 km2) (Table 1). Lastly, the losses in permanent
snow and ice (around 717 km2) in Figure 4f are spatially consistent with gains in grassland
(Figure 4c) and bare land (Figure 4d). These results also affirm and validate the results from
LCC transitions over the study’s temporal span in the KPK province.
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4.4. LST Fluctuations 2000–2020

The spatial analysis of LST across three distinct temporal periods (2000, 2010, and
2020) indicated a discernible decline in LST within the region over the past two decades
(Figure 5).

The results explicitly revealed an increase in mean LST from 2000 to 2010, with a rise
of 1.1 ◦C in the summer and 0.51 ◦C in winter. On the other hand, LST results in Table 3
show that the minimum and maximum LST declined significantly, with a mean decline of
2.60 ◦C in the summer and 2.23 ◦C in the winter season during 2010–2020. Remarkably, this
decreasing trend in temperature from 2010 to 2020 coincides with the implementation of the
BTTP (2013–2017), signifying a potential correlation between land cover changes induced
by the BTTP and the observed LST fluctuations. Furthermore, the minimum LST for the
summer and winter seasons was observed in 2020, at −5.68 ◦C and −25.60 ◦C, respectively.
The highest values of LST for both seasons were observed in 2010, with 47.94 ◦C for the
summer season and 24.42 ◦C for the winter season. Nevertheless, prior investigations have
noted similar fluctuations in the KPK region over recent decades. The LST findings of this
study are consistent with the most recent research on the subject in the region [39,64,65].
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Likewise, significant fluctuations in LST, characterized by increases or decreases, were
prevalent in areas exhibiting changes in green fraction.
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Table 3. LST statistics in each study year.

Summer Winter

Years 2000 2010 2020 2000 2010 2020

LST_min (◦C) −3.81 −3.26 −5.68 −24.61 −23.19 −25.60

LST_mean (◦C) 30.02 31.12 28.52 10.47 10.98 8.75

LST_max (◦C) 47.39 47.94 45.16 23.88 24.43 22.39

4.5. LCC Contribution to LST

Although the observed changes in LST overlap the LCCs induced by the BTTP, all these
fluctuations cannot be solely associated with it, as several other climatic and anthropogenic
factors could also be involved. To avoid these concerns, we have applied the CFLR
model along with zonal statistics to calculate the actual contributions of each land cover
category towards LST (Figure 6). The results vividly elaborated the robust correlation
between LST and LCCs in summer and winter. A robust positive correlation was identified
between LST and artificial surfaces, and LST and bare land, with correlation coefficients (R
values) ranging from 0.46 to 0.69. Conversely, pixels containing water bodies and forest
cover exhibited a robust negative correlation, with R values ranging from −0.52 to −0.78
(Figure 6).
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Figure 6. CRLF between LST and LCCs from 2000–2020, (a) winter and (b) summer.

Figure 7a explicitly shows that the land cover changed from wetland to bare land,
and artificial surfaces contributed to the highest increase in LST, 0.86 ◦C and 0.68 ◦C,
respectively, in the summer. The transition from grassland to artificial surfaces contributed
the most to the LST, with an increase of 0.95 ◦C (Figure 7b) in the winter season from 2000
to 2020 in the region. Furthermore, all the vegetation classes, i.e., cultivated land, forest,
grassland, and shrubland, contributed to the increase in LT when these classes changed
into bare land and artificial surfaces. The highest decrease in LST was found in land cover
change from artificial surfaces to forest, −0.85 ◦C to be precise, in the summer season
(Figure 7a). In contrast, the most significant decrease in LST during the winter season
was observed in land cover transitions from forest, grassland, shrubland, and bare land to
permanent snow and ice with −0.86 ◦C, −0.74 ◦C, −0.86 ◦C, and −0.73 ◦C, respectively
(Figure 7b). These analyses and results from the negative temperature contributions of
vegetation classes to LST have validated the previous observations of LST decrease after
the implementation of BTTP in the region.
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cover classes along the x-axis have changed into the land cover classes on the y-axis).

4.6. LST and NDVI Trends Persistence in the Region

The results of linear trend analysis, conducted on NDVI-min, NDVI-max, and
NDVI-mean metrics to assess vegetation trends within the region, utilizing mean annual
growing season (May–Nov) NDVI data from 2000 to 2020, derived from Landsat 5 and
Landsat 8 imagery processed through Google Earth Engine, show an increasing trend
(Figure 8b). As illustrated in (Figure 8b,c), apparent upward trends were observed across
NDVI-min, NDVI-max, and NDVI-mean values. Preceding the initiation of the BTTP
in 2013, the linear trend exhibited irregular variations. However, from 2014 to 2020, a
consistent and noticeable upward trajectory is evident, revealing positive vegetation
growth trends within the province. To further check the persistence of these trends,
we have applied the Hurst exponent using the R programming language; the results
are presented in Figure 8a. The Hurst value ranged between 0.22 and 0.74 and was
classified into five categories. It is apparent from Figure 8a that a significant portion of
the province has fallen under the weakly persistent category, which ultimately signaled
that the vegetation growth trend may not last long. The LCC results revealed the reason
for this weakly persistent vegetation trend, as the substantial transition under BTTP
was to grassland instead of forest (Table 1). The areas with a strongly persistent trend
correspond to areas of maximum forest cover.

As demonstrated by the linear trend analysis of mean LST in Figure 9c,d, the mean
LST has shown an upsurge in the first decade (2000–2010) both in summer and winter,
whereas it shows a substantial reduction in the second decade (2010–2020). To further
check the persistence of these LST trends, we again applied the Hurst exponent to the
mean summer and winter LST imagery of 2000, 2010, and 2020 (Figure 9). The Hurst value
ranged between 0.21 and 0.71 for the summer, and 0.24 and 0.78 for the winter. A large
proportion of the province demonstrated a weakly persistent trend for LST (Figure 9a,b),
validating the results from LCCs and Figure 8a at the same time. Furthermore, the LST
trends are more likely to remain strongly persistent (keep decreasing) in the winter season
(H = 0.78) as compared to the summer season (H = 0.71).

The upper part of the province is mainly a snow-covered region with negligible
changes in the LST over the year, and hence showed a strongly non-persistent trend.
Additionally, the spatial locations of the weakly persistent trends in vegetation and LST
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correspond to the spatial locations where the grassland gains occurred (Figure 4c) after
the BTTP.
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5. Discussion

Global climate has been changing swiftly: land cover changes have increased by
four times in the last four decades [66]. Pakistan has been ranked fifth among countries
most susceptible to the severe impacts of climate change [39], including temperature
increases, flooding, and desertification [67,68]. The mean temperature of Pakistan has
already increased by 0.62 ◦C, and it is expected to increase by 1.2 ◦C to 6.5 ◦C by the end of
this century [13,69,70]. Different afforestation projects have been implemented globally to
fight climate change, and BTTP is one of those projects aimed at restoring forest cover and
degraded land.

This research was carried out to investigate the LCCs induced by the BTTP, an af-
forestation project initiated by the provincial government, and their impact on LST in the
KPK province of Pakistan from 2000 to 2020. Furthermore, vegetation types, trends, and
persistence were examined in detail. The LCM provided insights into LC class transitions,
particularly after the implementation of BTTP in the second decade of this temporal period,
revealing the spatial locations and areas of each transition. The findings revealed the
challenges in achieving the prime objective of the BTTP, as the most prominent increase
was in grassland (increased from 29,081.6 km2 (28.82%) in 2000 to 31,411.6 km2 (31.13%),
more than 2%), which raises questions about the effectiveness of the afforestation project.
Furthermore, cultivated land, bare land, and permanent snow and ice have experienced a
decrease in the past 20 years.

Additionally, a significant increase in artificial surfaces over the region in the last
two decades has been observed, increasing from 668 km2 in 2000 to 1143 km2 in 2020.
A significant part of this increase is associated with the human population surge, from
17.7 million (1998) to 40.85 million (2023), which was partly contributed by mass migration
from Afghanistan into the region [71]. Moreover, the findings indicated that the expan-
sion of artificial surfaces comes at the expense of vegetation cover, a factor crucial for
maintaining equilibrium among land surface and atmospheric parameters [72–74]. Recent
studies [16,72,75] have argued that transition in LC classes, specifically an extension of
artificial surfaces, affects the LST and severely influences the local and regional climate.
The diversity in surface roughness and reflectance among different land cover classes leads
to corresponding variations in the absorption and radiation of energy [76–78].

This study was carried out to explore these arguments by assessing the spatiotemporal
fluctuations in LST associated with each LC category. The results of the current study
revealed a significant decrease in mean seasonal LST from 2010 to 2020, with a mean decline
of 2.60 ◦C in the summer and 2.23 ◦C in the winter. To further explore the relationship
between LST and vegetation cover and the contributions of each LC class to LST, the current
study utilized the CFLR model and zonal statistics [13,40,79,80], and the investigations
revealed a strong negative correlation between vegetation classes and LST. Additionally,
the results show a significant increase in LST ranging between 0.51 ◦C and 0.93 ◦C for
both summer and winter seasons in response to transforming any vegetation class into an
artificial surface. On the other hand, there was a significant decrease in LST in response to
any artificial surface or bare land changing into any vegetation category, ranging between
−0.39 ◦C and −0.81 ◦C.

A notable decline in LST has been found in linear trend analysis after the BTTP
project, indicating the importance of green cover proliferation. Several studies have also
highlighted the importance of vegetation cover regarding this occurrence; e.g., [59] reported
that protection of biodiversity and green cover, encompassing forests and agricultural land,
as well as dense or sparse vegetation, is crucial for preserving soil integrity and ecosystem
equilibrium. This is due to the varying surface reflectance and roughness associated
with each land cover category, which collectively influence the hydrological cycle, surface
temperatures, and atmospheric conditions [14,81]. Recent studies [64,65,82] have discussed
the role of BTTP in LST decline in the region; hence, the results of this study were in line
with the literature, and the application of the Hurst exponent to both LST and vegetation
cover has demonstrated the temporal persistence of the trends [60,83–86]. The Hurst
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exponent is commonly utilized to identify the stability in time series data and provide more
precise outcomes than other trend analyses. The findings from the Hurst exponent revealed
that a significant portion of the province has shown a weakly persistent trend of vegetation,
especially in the central region of the KPK, where the most-increased class is grassland.
The weak persistence detected in both LST and vegetation indicates that the effects of land
cover changes, particularly the increase in grassland, may not exhibit long-term stability in
the region.

6. Conclusions

This study aimed to evaluate the LCCs under the BTTP and their influence on LST in
the KPK region from 2000 to 2020. The research results reveal that the BTTP afforestation
initiative fell short of its primary objective of augmenting the forest cover in the region
by a minimum of 2%. Instead, a substantial change to grassland from bare land was
observed (3904.87 km2), indicating a deviation from the intended outcome. Further, those
LCC transitions have caused a decline of 2.60 ◦C in the summer and 2.23 ◦C in LST in the
winter season from 2010 to 2020, indicating that this project was not an overall failure. The
CFLRM-based results indicate a strong negative correlation between LST and vegetation
classes, with an R-value up to −0.78, and a strong positive correlation, with an R-value up
to 0.69, between artificial surfaces and LST. The conversion from artificial surfaces and bare
land to forest cover, grassland, and shrubland has markedly reduced the mean seasonal
LST. Conversely, changes from each vegetation class to bare land and artificial surfaces
have contributed to an escalation in mean seasonal LST in the region from 2000 to 2020.
The Hurst exponent analysis indicated that a substantial proportion of the study area is
characterized by weakly persistent behavior, signifying that the increasing vegetation and
decreasing LST trend will not continue for the long term.

Given these insights, future afforestation projects should prioritize increasing forest
cover to mitigate the adverse impacts of land degradation and facilitate restoration. Author-
ities should adjust their strategies instead of replicating the BTTP, as the project achieved
a mere 0.39% increase in forest cover. While the project has succeeded in temporarily
reducing LST, its long-term benefits are questionable, especially considering that the pre-
dominant vegetation cover increase resulting from the initiative is grassland. Consequently,
a more nuanced and targeted approach is warranted to achieve sustainable and meaningful
afforestation outcomes.
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