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Abstract The ecosystem, biodiversity, and anthro-
pological existence in the Chitral district are in dan-
ger due to the sediments and soil erosion stemming
from the changes in the land-cover and climate. This
research aims to practice the RUSLE model with the
changes in the land-cover and climate in upcoming
situations for 2030 and 2040 to evaluate soil erosion
annually as per the spatial dissemination and the ten-
dency of sediment yield. The multilayer perceptron
(MLP), an artificial neural network (ANN), besides
the Markov chain analysis was used to model upcom-
ing land-cover. The Max Planck Institute model, which
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demonstrated a revised bias as well as downscaled grid
size under the Representative Concentration Pathways
(RCPs), was used for examining the future changes
in the climate. The modeled land-cover showed that
the areas that are primarily comprised of natural trees
and shrubs were transformed largely to agriculture
and build-up areas. The average rainfall in the future
under different RCP situations was elevated compared
to the rainfall through historical time. The continuous
variability in the R and C factors affects the probable
soil erosion rate and sediment yield. Under RCP8.5
for both future years of 2030 and 2040, the extreme
erosion rate was assessed at around 500 and 550 t/ha/
year. Additionally, under the different RCP scenarios in
2030 and 2040, the outcomes of sediment yield were
more significant than the sediment yield through his-
torical time. The results showed that lower regions of
the Chitral district are at risk of amplified soil erosion
and sediment yield presently, as shown by the histori-
cal data and in the future. The produced soil erosion
maps using ArcGIS 10.2 can play a valuable role in
managing sustainable development, conservation of
the watershed of the Chitral River, and reducing soil
loss. Effective measures to overcome these concerns
and mitigate the possible effects need to be planned
and practiced, particularly the decrease in the storage
volume of the reservoirs situated on the river.
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Introduction

Soil erosion is an utmost important ecological process
that entails the separation, conveyance, and amassing
of soil particles from a given preliminary region to a
new depositional region (Gelagay & Minale, 2016;
Polykretis et al., 2020). The soil particles present in
the topmost layer of the land surface are moved from
one place to another. Moreover, around the twenti-
eth century, soil erosion, which is a continuing and
intricate event, has been intensifying all across the
world (Singh & Panda, 2017). The erosive agents,
for instance, wind and water, are responsible for the
transportation of the detached individual soil par-
ticles because of the erosion phenomenon from the
soil mass (FAO, 2015). The present soil particles in
the uppermost surface layer are moved from one field
to another by erosion. The soil removed annually by
water and wind is 75 billion metric tons, as demon-
strated by the estimates (Diyabalanage et al., 2017).
Furthermore, the worldwide soil erosion by water is
20-30 Gt year™! (gigatons per year) as indicated by
FAO (FAO, 2015). Additionally, anthropological
involvement has eroded 2 billion hectares globally.
By this, the erosion because of water has counted to
be 1100 million hectares (Ganasri & Ramesh, 2016).
The impacts of change in the climate also include
the process of sedimentation and soil erosion as
it will result in increased temperature and rainfall
events, and the change in land-cover resulting from
the actions of humans might cause the rising tenden-
cies of soil erosion and sediment amount in a cer-
tain location (Chuenchum et al., 2020b). The Chitral
river channel situated in the Chitral district may be
endangered with the elevating tendencies of sedi-
ment amount and soil erosion owing to the upsurge
in temperature, rainfall, and varying land-cover pat-
terns resulting from anthropological actions. The
Chitral River is among the key waterways that have
impending challenges resulting from both the chang-
ing land-cover and climate, notably from the chang-
ing land-cover from the construction and develop-
ment of hydropower. In the future, many areas of
the Chitral district will be subjected to boosted soil
erosion trends stemming from the variations in the
land-cover and climate owing to the increased vul-
nerability of the soil structure to deforestation and
land depreciation. The effectiveness of the hydrau-
lic structures and the probable retaining capacity of
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dams may be negatively affected due to the increased
sediments (Eroglu et al., 2010; Fu & He, 2007; Vaezi
et al., 2017). Thus, there is a dire need to predict sedi-
ment yield as well as soil erosion resulting from the
potential climate change combined with impending
land-cover situations. These predictions will help in
arranging countermeasures to alleviate the impacts on
the Chitral River Basin.

For the assessment of soil erosion, the conven-
tional field survey-based methods are time taking
and costly. Thus, three different classes, for instance,
empirical, conceptual, and physical, are used to cat-
egorize the several developed soil erosion models
(Devatha et al., 2015). With the data utilized to oper-
ate the model, each model has its specific applica-
tion scope (Rahman et al., 2009; Ricker et al., 2008;
Wijesundara et al., 2018). Various studies concern-
ing sediment and soil erosion problems in the size-
able catchments have employed these notions, for
instance, empirical (Ferreira et al., 2015), conceptual
(Schuol et al., 2008), and physical models (Nord &
Esteves, 2005).

To speculate the extent of soil loss on an enduring
basis in 1978, the United States Department of Agri-
culture (USDA) formulated an empirical soil erosion
model named Universal Soil Loss Equation (USLE)
(Abdo & Salloum, 2017). Later, the USLE model was
revised as the Revised Universal Soil Loss Equation
(RUSLE) or RUSLE model (Renard et al., 1997).
For the estimation of sediment and soil erosion, the
RUSLE model has been utilized widely (Hua-rong
et al., 2006; Peng et al., 2007; Thuy & Lee, 2017; Yao
et al., 2005; Zhou et al., 2014). The RUSLE model
is interpreted among the widespread models owing
to the reason that the diverse features of any signifi-
cant river basin can be examined in the model with
specific topographical tools (Kayet et al., 2018; Teng
et al., 2018; Terranova et al., 2009). In curious sites,
the sediment yield in terms of sediment erosion and
deposition can be analyzed by modifying the RSULE
model, as indicated by many current investigations
(Chuenchum et al., 2020a; Kaffas et al., 2018; Rang-
siwanichpong et al., 2018).

Moreover, in many regions, the land-cover dynam-
ics affecting the hydrological conditions, rates of soil
erosion, and greenhouse gas emissions have been
investigated in preceding investigations on land-cover
change exercising cellular automata, linear models,
neural networks, regression analysis, agent-based
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models, and Markov chain analysis (Guan et al.,
2011; Guo et al., 2019; Mandle et al., 2017; Mas
et al., 2014; Verburg et al., 2002). In order to model
the upcoming land-cover as well as for the analysis
of the variance among future land-cover besides the
historical lands, the land-cover modeler (LCM) in
TerrSet software is a suitable tool as indicated by
most of the studies (Ansari & Golabi, 2019; Azimi
Sardari et al., 2019; Kamwi et al., 2018).

Modeling the land-cover change, particularly the
vegetation cover, for instance, the grassland, agri-
cultural land, and the forest land, is really imperative
because they are among the most influential factors
influencing the process of soil erosion. Owing to the
anthropological activities, the changes in land-cover
change the rate of soil erosion. The LCM can be bet-
ter used for modeling the forecast of the change in
the land-cover for the upcoming period related to the
criterion period (Anand et al., 2018; Olmedo et al.,
2015).

For the assessment of the future climate trends in
climate change investigations, generally, the global cli-
mate models (GCMs) have been utilized (Chuenchum
et al., 2020b; Johnson et al., 2011). Nevertheless, the
results of raw GCMs are required to be downscaled as
per the grid size, plus with the historical period, the
symmetrical error (biases) are required to be adjusted
for carrying out the analysis related to the local cli-
mate as well as the additional hydrological functions
(Hoang et al., 2016; Kiem et al., 2008; Mandle et al.,
2017). It is suggested in most of the studies that inves-
tigators utilize GCMs that are entirely bias-corrected
and downscaled from the accessible data resources
of pertinent organizations and ventures, for instance,
CORDEX, WorldClim, IMPAC-T, and CGIAR, to
deliberate other apprehensions (Huang et al., 2014;
Raghavan et al., 2018; Ruan et al., 2019).

The aims of this research comprise the deliberation
of the variations in the risks of sediment yield plus
soil erosion in the years 2030 and 2040 by utilizing
the RUSLE model combined with the geographical
information system (GIS) along with remote sensing
by considering the impacts of the potential climate
change and impending land-cover circumstances. The
ANN and Markov chain analysis in TerrSet software
was used to investigate and model the alteration of
future land-cover to evaluate the support practice fac-
tor (P) and cropping management factor (C) in 2030

and 2040. From the GCMs under RCP8.5 (pessimis-
tic), RCP4.5 (intermediate), and RCP2.6 (optimistic),
this study also deliberates the varying tendencies of
impending rainfall and the rainfall erosivity factor
(R). The policymakers and the concerned organiza-
tions can benefit from the fallouts of this research in
selecting and implementing the appropriate strategies
and actions for the viable advancement of the Chitral
river basin.

Study area

Chitral District, situated in the north of Khyber Pakh-
tunkhwa province of Pakistan, is part of the Malakand
division. With an area of 14,850 km? (5.730 sq mi),
the Chitral district is situated in the extreme north of
Pakistan. On the east side, the region of Gilgit Bal-
tistan, on the west and north Nuristan, Badakshan,
and Kunar provinces of Afghanistan, and on the south
side, Dir and Swat districts of Khyber Pakhtunkhwa
share their borders with the district. The Chitral city
having geographical coordinates 35° 50" 46" N 71°
47" 09" E and with an area of 57 km? (22 sq mi) is
the main city of the district, which sits on the west
bank of the Chitral river. The Kanar River, also rec-
ognized as the Chitral river in its upper reaches, is
about 480 km long, situated in the eastern provinces
(Nangarhar, Kunar, Nuristan) of Afghanistan and
northern province (Khyber Pakhtunkhwa) of Paki-
stan. It appears just south of the Baroghil pass, near
the border of Afghanistan in the upper part of the
Chitral district. The melting snow and glaciers of the
mountains of the Hindukush range feed the river. The
Chitral river is at the base of the tallest summit of the
Hindukush mountainous range, Tirich Mir.

Chitral district has more than 40 peaks of height
greater than 6100 m and is counted as one of the
most elevated regions of the world. The district has
a very mountainous train, and Tirich Mir, with an
elevation of 7708 m (25,289 ft), is the tallest sum-
mit of the Hindukush range. About 4.8% of the dis-
trict area comprises forests, whereas 76% is com-
posed of glaciers and mountains. Figure 1 illustrates
the location of the study area in Pakistan’s Khyber
Pakhtunkhwa province. It also marks the presence
of weather stations and the Chitral river in the Chi-
tral district.
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Fig. 1 Study area 70°30€E 71°0€E 71°30E 72°0E 72°30E 73°0E 73°30€E 74°0E
| z
=)
- & (a) 2
o] ( ™
&
™
s
z
o
z P9
g 3
)
(2]
z
| ©
z ©
o} [32)
1)
(3o}
z
o
z -3
S 3
st -
|| € Weather Stations
——— Chitral River isTistars
[C_] Study Area I % & i
T J T T 1 J T 1
70°30'E 71°0'E 71°30'E 72°0'E 72°30'E 73°0'E 73°30'E 74°0'E

\ﬁi(kmen ,@,f Uzbekistan Tajikista

Iran

(c)

Materials and method
RUSLE model

An empirical erosion model that has been employed
in the computation as well as examination of the
mean soil loss risk on land is the RUSLE model. It
was established by the United States Department of
Agriculture (USDA) from the Universal Soil Loss
Equation (USLE). To better estimate the values of
different parameters of the USLE, it was established
in the late 1970s (Wischmeier & Smith, 1978). The
RUSLE model, by integrating enhancements in the
information probed by the USLE model, facilitates
the evaluation of average soil loss per unit of area and,
therefore, within the confines of a particular area, the
evaluation of the spatial dissemination of soil erosion.
Centered on the postulation that the separation and
accumulation of the soil particles are governed by the
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sediment carrying potential of the flow, the RUSLE
model incorporates a collection of five parameters
depicting the key factors of water-simulated soil ero-
sion. Either the RUSLE method can be practiced on
statistical and empirical data by utilizing the GIS
methods, or it can be executed centered on the litera-
ture values (Fu et al., 2005; Karaburun, 2009; Lufafa
et al., 2003). The outcomes are consistent concerning
the evaluation of the consequences of erosion induced
by water (Ozcan et al., 2008). It is centered on an
empirical equation that can be certainly devised in a
GIS framework (Renard et al., 1997). The subsequent
comparison presents the RUSLE model:

A=RXKXLSXCXP @))]

where A is the average soil erosion in t ha™! year™!,

R is the rainfall erosivity factor measured in MJ mm
ha=! h™! year™!, K is the soil erodibility factor meas-
ured in t ha MJ™! mm~!, LS is the slope length and
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steepness factor having no dimensions, C is the cover
management factor with no dimensions, and P is the
support practice factor also having no dimensions.

The climate change scenarios and rainfall erosivity
factor

For studying the soil erosion problems, an important
factor to consider is the rainfall erosivity (R) factor.
The intensity and inconsistency of rainfall are consid-
erably influenced because of climate change, as has
been indicated by most of the studies (Chuenchum
et al., 2020b; Moss et al., 2010). Among the inter-
national research groups globally, the platform for
simulated collaboration is the current Coupled Model
Intercomparison Project Phase 5 (CMIP5) (Mehran
et al., 2014; Taylor et al., 2012), under which the
GCMs have been applied extensively. For the con-
sideration of the impending climate events, this step
is carried out. Relying on the statistical models and
other associated expressions, the association among
the ocean and the planetary atmosphere has been
used for the development of the GCMs. For the com-
prehension and the prediction of climate change,
the Earth’s ocean and atmosphere processes were
modeled.

The CGIAR Research Program on Climate Change,
Agriculture, and Food Security was utilized to down-
load the CM rainfall dataset under CMIP5 (http:/
www.ccafs-climate.org/). Under the Earth System Grid
online platform globally, such an organization deliv-
ers upcoming climate data in GCMs from the 2020s to
the 2080s. Owing to the spatial resolution restriction
in GCMs, the dataset demonstrated corrected the sym-
metrical error (biases), and therefore by utilizing the
delta change technique, the dataset was downscaled at
an elevated spatial resolution of 1 km. For the analysis
of the hydrological modeling and the catchment scale,
this method is extensively utilized for the GCM out-
put (Navarro-Racines et al., 2020; Navarro-Racines &
Tarapues, 2015; Ramirez-Villegas & Jarvis, 2010).

For the investigation of the sediment yield and soil
erosion, centered on the former investigations and the lit-
erature, we opted for a suitable GCM model in the Chi-
tral district. The MPI-ESM-LR, established by the Max
Planck Institute (MPI) (Giorgetta et al., 2013), was con-
sidered as suitable to be used for climate forecasting in
terms of the scale and time on a global level, as affirmed

by most of the studies concerning the climate change
analysis (Chhin & Yoden, 2018; Ruangrassamee et al.,
2015; Tangang et al., 2019). For three different situa-
tions of greenhouse gas discharges, comprising RCP8.5
(pessimistic), RCP4.5 (intermediate), and RCP2.6 (opti-
mistic), the impending rainfall data from 2020 to 2030
besides 2020 to 2040 were modeled. Under the IPCC,
the Representative Concentration Pathway (RCP) con-
cept was used to determine these situations.

As vast long-term data is not existing, thus, analyti-
cal computation of the R factor is not possible. Conse-
quently, by using the existing rainfall data, the R factor
is calculated by using the other techniques (Efthimiou
et al., 2014). The most commonly practiced empirical
technique, Modified Fournier Index (MFI), was utilized
in this research. The study conducted by Aslam et al.
(2020) also applied this calculation for the R factor,
which is demonstrated by the following equation:

12 p2
MFI =Y -
,22 5 @)

where P is the yearly rainfall in mm, and p; is the
monthly rainfall for the i-month in mm. There is
a strong linear correlation among the MFI and the
R factor of the RUSLE model (Ganasri & Ramesh,
2016). This method was proposed by Licznar (2004),
who calculated the R factor by using a previous rain-
fall database from 4 stations in Poland. The estab-
lished power-type relation of yearly R factor against
the MFI values having a correlation coefficient as
r=0.64 was as follows:

R = 0.2265 x MFI-2870 3)

Soil erodibility and topographic factor

The tangible soil characteristics in the Chitral river
basin were based to establish the soil erodibility (K)
factor. The K factor was analyzed by applying the soil
data obtained from the satellite data. We used the soil
texture map of the Chitral district, and the values to
different classes of soil type were assigned according
to preceding studies (Aslam et al., 2020; Magsoom
et al., 2020; Sharma et al., 2011; Ullah et al., 2018).
The topographic factor (LS) is a sequence of two
slope properties: the slope length (L) and steep-
ness (S). Both of the mentioned factors embody the
impact of the topography of a region on the process

@ Springer


http://www.ccafs-climate.org/
http://www.ccafs-climate.org/

754 Page 6 of 25

Environ Monit Assess (2021) 193: 754

of soil erosion. The present study utilized the DEM
data having 30 m spatial resolution which was down-
loaded from the Shuttle Radar Topography Mission
(SRTM) and then processed in ArcGIS 10.2 software.
The equation recommended by Mitasova et al. (1999)
was used in this research for the computation of the
LS factor, which is as follows:

LS = (m + 1)[A,/22.13]" [sinb/0.0896]" )

where A, is the up-slope contributing area per unit
width in meters, and b is the slope angle in radi-
ans, whereas m (0.4 to 0.6) and n (1.0 to 1.4) are
parameters. Exponents m and n ought to be adjusted
for a certain prevalent type of flow and soil conditions
if the data are available. For the computation of the
LS factor, the ArcMap GIS 10.2 software was used.

LS = power((flowaccumulation) * cellsize /22.13,0.6)

* Power(sin((slope) * 0.01745)/0.0896,1.3)
&)

Cropping management and support practice factors

The support practice (P) factor was ascertained, and
the cropping management (C) factor was determined.
The influence of land-cover on soil erosion, mainly
water erosion, is indicated by the P factor. This factor
explains the altering of possible erosion by running
water, for instance, buffer strips, contouring, terraced
contour farming, and minimum tillage. Later, to the
modeling of the C factor, the P factor was stipulated.
In the present research, the deliberation of the P fac-
tor is centered on the investigation conducted by Yang
et al. (2003) that established the categorization of the
C factor as per the land-cover to be the P factor owing
to the constraints in the field observations in the Chi-
tral district (Table 1).

Modeling of the change in the land-cover

For the development of land and decision support
system, among different modules, the LCM module
is the most widely used, which is incorporated com-
pletely into the TerrSet software formulated by Clark
Labs of the Clark University. Additionally, the men-
tioned software can model with the IDRISI software
as well as the ArcGIS extension (Nor et al., 2017).
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Utilizing the empirical model associations to illustra-
tive variables such as closeness to roads and slope, the
LCM can evaluate the current and impending changes
in land-cover besides their repercussions and model
the upcoming changing land-cover situations (Pérez-
Vega et al., 2012). Three different process categories
can be specified for the modeled process in the LCM
module such as change analysis, which involves the
analyzation of the former change in the land-cover,
change potentials, which includes the modeling of
the possibility for land changes, and change projec-
tion that comprises the prediction of the progression
of change through the upcoming times. These dif-
ferent operating practices are centered on past land
change from a specified time to probable upcoming
land situations.

For the analysis of the prediction and monitor-
ing of land-cover, there is a need to apprehend the
modeled process in the LCM module and TerrSet
software. The primary step of the model is the analy-
sis of the change that is required to be evaluated for
contemplating the variance among land-cover maps
in 2000, 2010, and 2020. The illustrative variables,
for instance, slope, closeness to the road, and eleva-
tion, are based for modeling the change from one
land-cover to another. The variance in land-cover can
be recognized as the alterations from one land-cover
scenario to another over time. Increasing population,
expanding build-up area, and the increasing demand
for natural resources are consequential for the chang-
ing land-cover. The next stage is the evolution pos-
sibilities directed to the artificial neural network, an
MLP neural network. At this stage, for producing
the possible change maps suitable for each change
in the structure of the sub-model, the change vari-
ables are selected by using the MLP neural network

Table 1 Classification of the land-cover as per C and P factor

Land-cover of the Chitral  C factor P factor
district (FAO, 2000) (Yang
et al.,
2003)
Agriculture 0.5 0.5
Bare Areas 0.35 1
Build-up 0.1 1
Natural Shrubs 0.2 1
Natural Trees 0.001 1
Snow 0.001 1
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(Rumelhart et al., 1985). For improving the accu-
racy, each of the changes will be altered by reducing
the RMSE error. The resulting fallouts of this stage
were the possible change maps of each conceivable
change.

In the LCM module, the forecasting of the change
is the concluding stage. The LCM can forecast an
upcoming scenario for a certain upcoming date by
utilizing the past changing rates and the possible
change models. The incentives, constraints, and
influential variables to the upcoming variations, for
instance, organized infrastructural alterations and
zoning maps, among time phases i and j will be
defined by the change prediction; such process then
will use Markov chain analysis to compute the rela-
tive extent of change to the impending date (Norris,
1998). For the evaluation and the detection of land-
cover change in this study, we used the land-cover
data acquired from the LANDSAT 8 satellite with a
spatial resolution of 1 km in the Chitral district for
2000, 2010, 2015, and 2020. However, to observe
the land change in each area utilizing the ArcGIS
10.2 extension, the arrangement of land-cover maps
from every single state should be altered. Following
the new categorization in the LCM assessment, the
six land-cover classes are agriculture, bare areas,
build-up, natural shrubs, natural trees, and snow.
Centered on the MLP neural network, the LCM
module, the TerrSet software, and the Markov chain
analysis were operated to deliberate the past change
in the land-cover and forecast the upcoming land-
cover maps. This research aims to predict upcoming
land-cover for the years 2030 and 2040, relying on
past land-cover maps in the years 2000, 2010, and
2020.

For the analysis of the sub-models of the change
possibilities by utilizing the MLP neural network,
the six change sub-models, namely agriculture to
build-up, agriculture to bare areas, natural shrubs
to agriculture, natural trees to agriculture, natural
trees to build-up, and bare areas to agriculture, were
established and entered into the LCM module. Six
explanatory variables, namely distance from urban
areas, distance from river, distance from roads, slope,
aspect, and elevation, were also included in land-
cover change analysis. The considered illustrative
variables have been utilized to contemplate the mod-
eling concerning the change in land-cover as affirmed
by most of the studies.

Evaluation of land-cover change models

For the assessment of the accuracy of land-cover
change models, the criterion land-cover maps uti-
lizing three Kappa indexes through the operation of
TerrSet software were used for the calibration and
verification of the modeled outcome of the impend-
ing land-cover map. The employed Kappa indexes
are Kappa for quantity and location (K cuion &
Kiocation strata)» Kappa for no ability (K ), and the tradi-
tional Kappa index (K,,4.:q)- The consistency among
two distribution of class sizes and two categorical
datasets is shown by the K, and the K, 4..q r€Spec-
tively by utilizing a stochastic model of arbitrary dis-
tribution of class changes comparative to the prelimi-
nary map (van Vliet et al., 2011). The understanding
of the various precisions as per the quantity and loca-
tion is presented by the K .i0on a0d Kiocation strata: 1HE
following equations represent the K, 4., Kpo, and
Klocation and Klocation strata’ respectively:

__Po—Pe
Kstandard = 1——1% (6)
pmax _pg
Kno = 1=p, @)
. . Po —Pe
Klocation & Klocation strata = ——— 8)
pmax - pE

where:

p, represents the noted fraction of agreement.

p. signifies the anticipated fraction of agreement.

Pmax €mbodies the extreme fraction of agreement.

For the Kappa index, the extreme value is gener-
ally fixed to 1. Less matching is also indicated by the
decreasing Kappa index. Therefore, if there is a con-
sistency in the Kappa index values, it indicates that
the modeled land-cover map can be utilized in the
analysis. Sequentially, the C factor is established with
our outcomes of the projected land-cover map by uti-
lizing the data from FAO (2000).

Deliberation of the important factors in the RUSLE
model

The following two equations were used primarily to

obtain the logarithmic forms of all the input factors in
the RUSLE model:

@ Springer
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In(A) =In(RXK X LS X C X P) ©)]

In(A) = In(R) + In(K) + In(LS) + In(C) + In(P)  (10)

where In (A) signifies the rate of soil erosion in the
logarithmic association and In (R, K, LS, C, and P)
signifies the values of the input factors in the RUSLE
model as per the logarithmic form. After this conver-
sion, the multiple linear regression was utilized for
the assessment of the influencing factors on the soil
erosion process by considering the upcoming land
and climate change situations in the intended area.
The following equation shows the multiple linear
regression:

In(A) = f, + BIn(R) + fIn(K) + B In(LS)

T BIn(C) + B, In(P) an

where the standard coefficient (f) in the above equa-
tion can signify the distinct units of the input factors,
P, represents the intercept of soil erosion rate (con-
stant values), and f,_,, is the coefficient of regression
of every single illustrative variable from evaluation.
The statistical outcomes from the preceding model
were analyzed by utilizing the SPSS software. In this
research, the determined statistical significance level
was 95%.

The RUSLE model for the evaluation of sediment
yield

Initially, the original USLE model was employed
for the analysis of soil erosion; then, all the factors
were introduced into the RUSLE model. The estima-
tion of the yearly soil erosion can be transformed into
the sediment yield by this method centered on the
input RUSLE factors. The deliberation of sediment
yield of the RUSLE model involving the changes in
the land-cover and climate under the upcoming sce-
narios of years 2030 and 2040 was estimated. The
technique which was practiced for the estimation of
the sediment yield in the present study was also used
by Ullah et al. (2018) for the assessment of sediment
yield in the Potohar region of Punjab province, Paki-
stan. In the Chitral district, the same technique has
also been practiced by Magsoom et al. (2020) to eval-
uate the sediment yield.

@ Springer

The sediment delivery ratio (SDR) was computed
through disseminating sediment yield by the drainage
area of the watershed.

Consequently:
Y
SDR = —
T (12)
or else:
Y=SDRxXA 13)

where “Y” is the sediment yield, and “A” is the drain-
age area. The outcomes from this approach can be
exhibited as the spatial dissemination of the sediment
deposition or yield capacity and soil erosion.

Results
Climate change scenario

For different RCP scenarios, the future rainfall
in 2030 and 2040 is shown in Fig. 2. The extreme
values of rainfall were positioned primarily in the
southwestern region of the Chitral district, as dem-
onstrated in Fig. 2. The comparison among the
monthly average rainfall from the historical period
and the monthly average future rainfall under the
different RCP scenarios in 2030 and 2040 for the
Chitral district is displayed in Fig. 3. Similar rain-
fall patterns were observed for the future (in 2030
and 2040) for the different RCP scenarios, but the
future rainfalls were different regarding their mag-
nitude plus the highest rainfall in all the months,
as indicated by the outcomes. The maximum and
minimum rainfalls from 2000 to 2020 were 95 and
5 mm, respectively, whereas the average monthly
rainfall in the historical period was 34.33 mm.
Under the different RCP scenarios (RCP2.6, RCP4.5,
and RCP8.5) in 2030 and 2040, the mean values of
future rainfalls were 37.33, 39.33, and 38.33 mm
and 39.33, 41.33, and 40.33 mm, respectively. How-
ever, under different RCP scenarios for both 2030
and 2040, the spatial dissemination of the R fac-
tor is exhibited in Fig. 4. The R factor under dif-
ferent RCP scenarios varied in 2030 from 2.52 to
1749.73 MJ mm ha~! h™! year™' and in 2040 from
81.59 to 1758.5 MJ mm ha~! h™! year™!, respectiv
ely.
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Fig. 2 Future rainfall of the study area in 2030 and 2040 under different RCP scenarios
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Fig. 3 Historical rainfall vs future rainfall of the study area in 2030 and 2040
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Previous and future land-cover change

The changes resulted due to the socio-economic
development (the upsurge in population and human
activities) through the course of time are presented by
the land-cover maps in 2000, 2010, 2015, and 2020 as
portrayed in Fig. 5. For LCM modeling, the criterion
was the land-cover map in 2000, which is covered
mainly by the natural shrubs (39%), followed by the
snow (36%), natural trees (8%), bare areas (8%), the
build-up (7%), and agriculture (2%) as evident from
Table 2.

The map of the six descriptive variables used for
modeling the change maps in the LCM module is
shown in Fig. 6a—f. The map of the variable distance
from urban areas is shown in Fig. 6a. The map was
divided into five classes based on the distance from
the urban area ranging from 0 to 40 km. The farthest
distance class was 20 to 40 km and is exhibited by
the red color on the map. For the variable of distance
from the river, the map is presented in Fig. 6b. The
entire Chitral district was divided into five classes
centered on the distance from the river ranging from
0 to 30 km. The Chitral River is the main river in the
area that passes through the central region. The near-
est areas are highlighted by the green color and the
remotest areas by the red color. The map of the varia-
ble distance from roads is shown in Fig. 6¢. Similarly,
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the whole area was divided into five classes ranging
from O to 40 km. Blue and brown colors, respectively,
illustrate the nearest and the remotest areas on the
map.

Furthermore, Fig. 6d exhibits the map of slope for
the study area. The entire area was divided among
five classes ranging from 0° to 74°. The steepest
slopes are represented by the red color in the map and
are particularly located in the peripheral regions of
the Chitral district. Next, the aspect map of the dis-
trict is shown in Fig. 6e, which is also divided into
five classes varying in the range of degrees. The
aspect map ranges from 0° to 360°. The aspect of the
slope shows the position of the slope towards the sun-
light and wind. Lastly, the map of the elevation is pre-
sented in Fig. 6f. The elevation in the district ranges
from 1053 to 7695 m and is divided into five classes
to locate the high elevation areas. The high elevation
areas are represented by brown color in the map and
are primarily found in the peripheral regions of the
Chitral district.

For the modeling of possible change, the assess-
ment outcomes of the MLP neural network com-
prising the values of accuracy percentage, train-
ing RMSE, and the testing RMSE are illustrated in
Table 3. High accuracy, thus reliability, was exhibited
by all the six sub-models that was ranging from 71.89
to 86.63%.

100

[0}
o

(2]
o
h

40 @ \ :

Rainfall (mm)

20 =

B'bQQQ\)o @'b& ?Q& @'b* 5\)0 §\§ VQQ%QQ Oc‘}'éo4 060

Rainfall in 2040 under RCP 2.6
=== Rainfall in 2040 under RCP 4.5
== Rainfall in 2040 under RCP 8.5
—o—Historical Rainfall (mm)

Fig. 4 R factor of the study area in 2030 and 2040 under different RCP scenarios
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Table 2 Description of change in land-cover through 2000, 2010, 2020, 2030, and 2040

Land-cover 2000 2010 2020 2030 2040
Area (ha) Area (%) Area(ha) Area(%) Area(ha) Area(%) Area(ha) Area(%) Area(ha) Area (%)

Agriculture 28,9824 43,473.6 3 90,3424 6 115,929.7 8 159,403.3 11

Bare areas 115,929.7 130,420.9 161,054 11 173,894.5 12 188,385.7 13
Build-up 101,438.1 115,929.7 136,539 9 159,403.3 11 202,876.9 14
Natural shrubs 565,157.2 39 550,665.9 38 515,637.5 36 492,701 34 449,227.4 31
Natural trees  115,929.7 8 101,438.4 7 80,4717 6 72,456.04 5 57,964.83 4

Snow 521,683.6 36 507,192.2 35 465,076.1 32 434,736.2 30 391,262.6 27

Land-cover prediction through LCM

The possibility of change matrix from 2000 to 2020
is shown in Table 4. The greatest change was the
change of bare areas to the agricultural area, whereas
the possibility of the lowest change was the change
of the area covered by natural trees to the agricultural
area to model the land-cover prediction, as shown in
Table 4.

The predicted land-cover maps in 2020, 2030, and
2040 are also presented in Fig. 5. The observed val-
ues of utilized four kappa statistics, namely K, qara>
Kno’ and Klocation and Klocation strata for CheCking the
accuracy of the cell of predicted maps, were 0.948,
0.893, and 0.963, respectively.

Soil erosion assessment utilizing the RUSLE model

The value of the C factor in 2030 and 2040, as exhib-
ited in Fig. 7, extends from O to 1, and has a mean value
of 0.5. The outcomes showed that the central part of the
Chitral district has more agricultural areas as compared
to the remaining area. The regions in red color in the
figure indicate that they comparatively have a high C
factor value. In comparison, most of the southwestern
region of the study area is comprised of natural trees
and shrubs, which exhibited comparatively have low C
factor values. However, in this study, both in 2030 and
2040, the K and LS factors are persistent for all the sce-
narios. The value of the K factor was varying from 0.1
to 0.4 t ha MJ~! mm™', as exhibited in Fig. 7. The ele-
vation of the study area accounts for the values of the
K factor. Those areas with low elevation showed low K
values, whereas the high elevation area showed high K
values. The LS factor was ranging from 0.2 to 6.3, as
shown in Fig. 7. Most areas in the Chitral district have

moderate to higher steep and fleeting slopes. Hence,
comparatively high LS values can be seen to be pointed
out in the central regions of the study area, whereas
comparatively low LS values were scattered all across
the study area.

The achieved prediction outcomes of the soil ero-
sion through the RUSLE model can be split among
two situations in the upcoming times, comprising the
soil erosion in 2030 as well as in 2040, as shown in
Fig. 8. The first situation illustrates that the average
soil erosion rates of different RCP scenarios, such
as RCP2.6, RCP4.5, and RCP8.5 in 2030, were 240,
250, and 265 t/ha/year, respectively. Whereas the
second situation shows that in 2040, the mean soil
erosion rates were 250, 257.7, and 290 t/ha/year for
the different RCP scenarios, for instance, RCP2.6,
RCP4.5, plus RCP8.5, correspondingly. Under all the
RCP scenarios, both situations of soil erosion in 2030
and 2040 showed that the eroding agents extremely
eroded most regions in the lower part of the Chitral
district. In contrast, the upper parts of the district
experienced the most moderate and high erosion.

Evaluation of the correlation among the RUSLE
input factors and the soil erosion rate

Table 5 indicates the outcomes of the correlation analy-
sis that was performed among the RUSLE input factors
and the soil erosion rate. A solid relationship is signified
by all the standardized coefficients of the input factors
with the RUSLE input factors of the soil erosion rate
(Table 5), and they can be replaced in Eq. (5). Owing to
the blunt change in the land-cover corresponding to the
socio-economic growth, for the soil erosion, the C fac-
tor in the Chitral district was a strong influencing factor
as it can be comprehended from the results.

@ Springer



754 Page 14 of 25 Environ Monit Assess (2021) 193: 754

= 72°0'0"E 73°00°E 74°00'E Z 72°00"E 73°0'0"E 74°0'0"E
'o 1 1 -O 1 1 1
e L oo -
& A et m(a) & A S ’“~(,b)
Y Y
= Foo A z Z =
£ 4 Landcover2000 |5 & . 5
o ro & e o
2 - I Agriculture 58 - I Agriculture 3
Bare Areas Bare Areas
B Buildup B Buildup
. Natural Shrubs | 2 2 Natural Shrubs | 2
£ £ 5 5
=2 B Natural Trees 8 o B Natural Trees o
0 wn m
oo 50 100 Km 5o 50 100 K i
L [ Snow L I Snow
72°00°E 73°00"E 74°0'0"E 72°00"E 73°00'E 74°00"E
72°0'0"E 73°00°E - 72°0'0"E 73°00"E 74°00'E
=Z 1 1 =Z = 1 1 1
o[ o2 R
o o o
N Bl (@
Vi
{
b Z
z ‘ ; £5 Landcover 2020 o
o y : =4 : 2 [
3 "B Agriculture g8 - I Agriculture 8
Bare Areas Bare Areas
I Buildup B Buildup
_ Natural Shrubs oz Natural Shrubs |~
S Natural Trees |5 2- LS
S0 50 100 Km L] -5 20 50 100 Km Bl Natural Trees o
Sl 7 Snow E I N I Snow ©
72°00'E 73°00°E 72°0'0"E 73°00"E 74°00°E
z 72°00'E 73°0'0"E 74°00'E = 72°00"E 73°0'0"E 74°0'0"E
o 1 1 1 'o 1 1 1
oy o -
5 A 5 A —(f)
49 \
Y :
S e
Pl Tl
% ’ _; Simulated Landcover| % % ; _g, Simulated Landcover %
51 -~y 2030 Bl ¥ 2040 S
8 I Agriculture &8 I Agriculture 8
Bare Areas Bare Areas
I Buildup I Buildup
z Natural Shrubs zz Natural Shrubs =
=i I Natural Trees S o4 B Natural Trees HS
oo 50 100 Km g I 50 100 Km o
& I Snow 5 [ snow ©
72°0'0"E 73°0'0"E 74°0'0"E 72°0'0"E 73°0'0"E 74°00"E
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Table 3 Valuation of all
sub-models by utilizing
the MLP neural network in

change

Sub-model Accuracy Training RMSE Testing RMSE
(%)

Agriculture to build-up 82.45 0.002 0.0022
Agriculture to bare areas 84.68 0.0018 0.002

Natural shrubs to agriculture 79.58 0.0021 0.0023
Natural trees to agriculture 71.89 0.0024 0.0026
Natural trees to build-up 85.96 0.0018 0.002

Bare areas to agriculture 86.63 0.0017 0.0019

Discussion

Evaluation of sediment yield utilizing the RUSLE
model

In each grid cell of the study area, the modeled out-
comes of sediment deposition and erosion for all the
RCP scenarios in 2030 and 2040 are displayed in
Fig. 9. Under all the RCP scenarios, for both 2030 and
2040, the impending sediment deposition and erosion
range from <80 to>200 t/ha/year. In the central and
particularly in the lower regions of the Chitral district,
relatively high sediment erosion occurs, as can be seen
from all the sediment deposition and erosion maps.
The northwestern and predominantly the central part
of the district have moderate to high sediment erosion,
as shown in Fig. 9. Whereas in most of the peripheral
regions of the study area, the relatively low sediment
deposition was noticed.

The sediment deposition and erosion in the area for
different RCP scenarios in 2030 and 2040 were catego-
rized in five different classes ranging from low to high in
terms of t/ha/year, as exhibited in Table 6. The percent-
ages of the area under these different severity classes
were also computed. In 2030, under all the three RCP
scenarios, the maximum portion of the Chitral district
lies in the least severity class of sediment deposition and
erosion, having a value <80 t/ha/year, and the percent-
ages were 36%, 33%, and 31%, respectively. Meanwhile,
the maximum area percentages in 2040 were 34%, 29%,
and 27%, and they also fall in the low severity class.

Among the most severe natural threats across the
globe, soil erosion owing to the harsh economic and
environmental impacts instigated by the stages of
sedimentation and soil loss has been addressed as
one. The sustenance of human beings is facing severe
threats due to the continuous effects of soil erosion
(Atoma et al., 2020). The current investigation prac-
ticed the RUSLE model for evaluating sediment yield
and soil erosion in the Chitral district consequential
of the changes in the land-cover and climate that
happened primarily because of the socio-economic
growth resulting from the actions of humans and sub-
sequently from global warming. For the estimation
of the soil erosion to occur in the future, the RUSLE
model is suitable to use by considering the land-cover
change model and climate change situations by utiliz-
ing the GCMs (Arunyawat & Shrestha, 2016; Azimi
Sardari et al., 2019; Plangoen et al., 2013). The
GCMs are used for the application of the R factor.
They have revised bias along with downscaled grids
of spatial resolution of 1 km to analyze the impending
rainfall. From the simulation of the LCM with FAO
(2000) and Yang et al. (2003), the C and P factors are
deliberated correspondingly. As it is not possible to
predict two factors relying on space and time, the LS
and K factors are established as constant values. For
preparing the possible change maps, the LCM model

Table 4 Possibility of

. Agriculture  Bare areas  Build-up  Natural shrubs  Natural trees  Snow
change matrix from 2000
10 2020 Agriculture 0.985 0.007 0.008 0 0 0
Bare areas 0 0.987 0.007 0.006 0 0
Build-up 0 0 1 0 0 0
Natural shrubs  0.04 0.001 0.02 0.939 0 0
Natural trees 0.05 0 0.02 0 0.931 0
Snow 0 0 0 0.005 0.01 0.985
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Fig. 7 C factor in 2030 a and 2040 b and the K factor ¢ and LS factor d of the study area

is centered on the ANN, whereas it is centered on the
Markov chain analysis for the modeling of the possi-
ble land-cover maps.

The delta method was used for the downscaling
and bias-correcting of the results of rainfall predic-
tions of the MPI-ESM-LR model. The results dem-
onstrated that the tendencies of the rainfalls show
an upsurge in magnitude for the future, as shown in
Fig. 3. This increase in magnitude can be a result of
the effects of change in climate and global warming.
The possibility of intense rainfall in some areas will
also increase. The outcomes demonstrated the sorts of
increased and intense rainfall predictions contrasted
to the rainfalls in the historical time during the winter

@ Springer

season, as evident from Fig. 3. Under different RCP
scenarios, Eq. (2) was used to calculate the R factor in
2030 and 2040 centered on Aslam et al. (2020). The
highest rainfalls, specifically under the RCP4.5 sce-
nario, were excessive compared to the rainfall data of
the historical period for all the months. However, the
outcomes also exhibited that under the RCP2.6 and
RCP8.5 scenarios, the rainfall projections for most
months were nearly the same as per the magnitude
and highest rainfalls. The dissemination demonstrates
a comparable configuration; however, it varies con-
cerning the rainfall magnitude. Earlier research in the
study area also specified that the growing rainfall (R
factor) because of the change in the climate resulted
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Fig. 8 Soil erosion rate for the study area in 2030 and 2040 under different RCP scenarios
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Table 5 Logical outcomes

N Year Scenarios Factors
of the correlation among
input factors and soil R K LS C P
erosion rate
2030 RCP2.6 0.214 0.121 0.192 0.424 0.255
RCP4.5 0.223 0.123 0.199 0.414 0.245
RCP8.5 0.224 0.124 0.199 0.413 0.245
2040 RCP2.6 0.23 0.107 0.178 0.434 0.255
RCP4.5 0.229 0.101 0.177 0.433 0.265
RCP8.5 0.234 0.096 0.172 0.436 0.266

in an increased rate of soil erosion, even though cli-
mate circumstances are diverse contingent on each
region (Aslam et al., 2020).

The Kappa coefficient was considered to evaluate
land-cover maps in 2000, 2010, and 2020. For study-
ing the land-cover change in the Chitral district, the
produced land-cover maps can be used as indicated by
the precision of the Kappa coefficients. The observed
values of the Kappa coefficients were about 0.91,
0.87, and 0.93; thus, these high values were signify-
ing that the precision of the maps was adequate for all
the deliberated years. The inclusive precisions of the
land-cover maps were found to be 96.4%, 88.3%, and
88.3% by exploiting the general accuracy assessment
among the observed and modeled land-cover maps in
2000, 2010, and 2020.

Six descriptive variables, comprising the distance
from urban areas, slope, distance from river, distance
from roads, aspect, and elevation, were used for the
modeling of possible change maps in the LCM mod-
ule by applying the MLP neural network. The men-
tioned six descriptive variables were used for pro-
ducing one land-cover to another, thus defined as six
sub-models. Extraordinary accuracy ranging from
71.89 to 86.63% thus reliability was exhibited by all
the six sub-models as exhibited in Table 2. There-
fore, it can be concluded that in the LCM module, the
modeling of possible change by exploiting the MLP
neural network is appropriate for the modeling of the
land-cover change in the Chitral district.

The possible change maps were used to compute
the change prediction process, that is, the possibil-
ity of change from one land-cover in 2000 to another
in 2020 by utilizing the Markov chain analysis. For
studying the change in land-cover, the LCM mod-
ule in TerrSet software was utilized. The possibil-
ity of change matrix from 2000 to 2020 presented in
Table 4 was focused for the standardizations of the
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land-cover map in 2020 besides the modeling of land-
cover projection in 2030 and 2040. According to van
Vliet et al. (2011), Plangoen et al. (2013), and Azimi
Sardari et al. (2019), four Kappa statistics, namely the
Kstandaxd’ Kno’ and Klocation and Klocation strata> WEIC uti-
lized to assess the accuracy of the cell by using the
standardization of the land-cover map in 2020. It can
be stated from the results of all the Kappa statistics
that the capability of the LCM module in TerrSet
software in forecasting the land-cover maps in 2030
as well as 2040 is excellent, and this, in this case, can
be due to the use of the Markov chain analysis.

A substantial variation in land-cover from 2000 to
2030 and 2040 was demonstrated by the outcomes
(Fig. 5). Most areas were converted to agriculture and
build-up and bare areas from the areas composed of
natural trees and shrubs as indicated by the results of
a comparison among the land-cover maps in 2000,
2030, and 2040 (Table 2). For both in 2030 and
2040, the future land-cover maps specified that the
area composed of natural trees mostly decreased by
3% and 4%, and the area composed of natural shrubs
decreased approximately by 72,456 and 115,930 ha,
correspondingly. From 2000 to 2030 and 2040,
the change in agricultural land is continual, and it
increases by 6% and 9%, or approximately 86,947 and
130,421 ha. In the district, the socio-economic devel-
opment resulted in the rapid expansion of the urban
area. It expanded from 2000 by 4% and 5% or approx-
imately 149,595 and 101,439 ha. However, the results
of land-cover modeling also indicated that the regions
covered by snow will transform considerably in the
near future because of the effects of climate change in
the Chitral district.

DEM having a 30-m spatial resolution was used
for the analysis of the LS factor. Nevertheless, the
size of the grid size is the coarse spatial resolution
that can introduce errors in the exploration of soil
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Fig. 9 Sediment deposition and erosion rate for the study area in 2030 and 2040 under different RC
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Table 6 Covered area under different severity classes of sediment deposition and erosion in 2030 and 2040 for different RCP scenarios

2040

Sediment deposition and 2030

erosion (t ha™! yr™)

RCP8.5

RCP4.5

RCP2.6

RCP8.5

RCP4.5

RCP2.6

Area (%) Area(ha) Area(%) Area(ha) Area(%) Area(ha) Area(%) Area(ha) Area(%) Area(ha) Area(%)

Area (ha)

27

391,263
275,333
246,351

29

420,245

34
24
15
13
14

492,701

31

449,227
333,298
217,368

202,877

33
22

478,210

36
25

14

521,683
362,280
202,877

<80

19

20
16
17
18

289,824
231,859

246,351

347,789
217,368

318,807 23
231,859

188,386
231,859

80-120

17

15
14
17

16
13
16

120-160

18

260,842

188,386
202,877

11

14

159,403
202,877

160-200
>200

19

275,333

260,842

246,351

erosion rates. The upcoming research needs to be
vigilant about this concern for further applications.
Regardless of the constraints in the field examination
of the study area, using the data from FAO (2000) in
the LCM module operated in TerrSet software, the
values of the C factor were processed. The sugges-
tions by Yang et al. (2003) were followed for specify-
ing the values of the P factor (Table 1). However, for
both 2030 and 2040, the range of the P factor was the
same as 0.5 to 1. The agricultural area was assigned
a P value of 0.5, while for paddy fields, the P values
might be smaller than 0.5 in many cases. Thus, we
assume that the use of the P factor ought to be contin-
gent on the judgment of the researcher and the fitness
of the research. Furthermore, future investigations on
soil erosion need to be careful about the arrangement
of the P value.

For comparing the soil erosion rate, the study
conducted by Aslam et al. (2020) was utilized as
a reference for the present research outcomes. The
reference study shows that the extreme soil erosion
rate was more than 50 t/ha/year from 2000 to 2020.
Whereas under different RCP scenarios for future
land-cover in 2030 and 2040, our outcomes demon-
strated that the soil erosion rate was rising substan-
tially in some of the areas. In 2030 and 2040, the
maximum rate of soil erosion was approximately
500 and 550 t/ha/year, correspondingly. The situ-
ations of the soil erosion incidence were different
as per the pattern from intermediate to high and
severe rates and spatial distribution as indicated by
the results. Nevertheless, the comparison among
the reference (2000 to 2020) and future scenarios in
2030 and 2040 also showed that the minimum rate
of soil erosion showed a decline in soil erosion rate
for some regions.

Table 5 indicates the correlation analysis outcomes
that were performed among the RUSLE input fac-
tors and the soil erosion rate by utilizing the SPSS
software. In our hypothesis, the extent of statistical
significance was stipulated at 95%. As in multiple
linear regressions, there is the logarithmic form; for
the analysis of the RUSLE input factors besides the
soil erosion rate of the Chitral district, the standard-
ized coefficient outcomes can be deemed similar. The
specified Eqs. (5-11) can recognize the prominent
factors influencing the occurrence intensity of soil
erosion.
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A few specific regions are converting from areas
containing natural trees and shrubs to agricultural
and build-up areas in the study area. Because of the
great hydropower potential, the study area presents
the development and construction of the hydro-
power projects. Hence, in the near future, the poten-
tial change in land-cover is anticipated to lead to the
amplified rates of soil erosion. In the Chitral district,
the transformation of vegetation cover is among the
causes of soil erosion incidence, and these outcomes
agreed with those of Aslam et al. (2020). The capa-
bility of the C factor can safeguard the topsoil as it
protects it from eroding against the eroding agents.
Conservation of the land-cover through the enhanced
grazing management, reducing the tillage, retention
of the crop residue, and cultivating green manure
crops and cover crops are among the methods that
can be adopted as management choices for soil-water
preservation (P factor) in order to lower the vulner-
ability to nutrient loss and soil erosion. There are also
some mitigation co-advantages of the most appro-
priate options. Nutrient discharge and soil erosion
can be reduced by adopting farming systems such as
perennial grains, perennial pasture phases, and agro-
forestry. For certain soil types and climates, the cover
crops have the potential to enhance the soil condi-
tions. Sustainable forest management ways can be
employed to cut the degradation of woodlands and
deforestation, decreasing greenhouse gas discharges.
This mechanism can reduce the extent of forest con-
servation because these management practices seek to
offer biomass, fiber, timber, and non-timber supplies
and additional ecosystem services and functions that
will reduce greenhouse gas emissions.

Equation (14) was exploited to evaluate the sedi-
ment deposition or sediment yield in the Chitral dis-
trict presented in Fig. 9. The decreasing trend of the
area percentage shows that more areas will be sub-
jected to the hazard of sediment deposition and ero-
sion shortly. Similarly, the areas that fall in the very
high severity class, despite having less percentage,
exhibit an intensifying trend for the future. For the
validation of the revised RUSLE model, the obtained
outcomes of sediment deposition and erosion were
analyzed by exploiting the estimated sediment yield
ratio (Y) from the previous two studies in the same
district. Under different RCP scenarios both in 2030
and 2040, the outcomes of this study are relatable to
the outcomes of Aslam et al. (2020) and Magsoom

et al. (2020). The outcomes inclusively were satis-
factory as per the spatial patterns and trends. The
mentioned studies exhibited that the revised RUSLE
model can model the Y in the Chitral district. The
assessment of the outcomes of observed sediment
statistics and the modeled sediment statistics under
different RCP scenarios in 2030 and 2040 indicated
that they are similar. Under all the RCP scenarios, it
can be seen from Fig. 9 that all the modeled results
of the Y demonstrated the increasing trends both in
2030 and 2040, particularly in the lower parts of the
Chitral district.

The increased sediment in the lower regions of
the Chitral district occurred because of the change in
land-cover, specifically the conversions of the areas
that were covered with natural trees and shrubs to
agricultural and build-up lands. The construction
of hydropower dams in the region is also somewhat
responsible for the increased sediment. The tempera-
ture and rainfall circumstances are greatly influenced
by the change in climate that, as a result, affects soil
erosion and sediments. Moreover, the results of this
research specified that in the future, sediment due to
the existence of increased soil erosion rate had inten-
sifying tendencies, notably in the center plus the
lower regions of the district. In contrast, the periph-
eral regions had considerably decreasing trends. The
lower regions of the study area have been eroding
swiftly because of human factors, specifically the var-
iations in the land-cover.

Lower parts of the study area will be experiencing
substantial rainfall and swift change in land-cover that
have a substantial impact on soil erosion. Changes in
the climate because of global warming can result in
severe events in this region in the future, for instance,
high rainfalls during the wet season, as well as high
temperature during the dry season, ensuing cer-
tain changes in soil erosion trends and sediments.
Therefore, the sediment trends in the study area can
be decreased by applying certain soil conservation
policies that involve using different measures (either
structural or non-structural) coupled with sediment
confining of hydropower reservoirs.

The overall results indicated that the Chitral dis-
trict in the future has been facing defying issues, for
instance, population growth, land destruction, and
deforestation from advancements in the future as the
regions covered by natural trees and shrubs change to
build-up regions. In the RUSLE model, the C and P
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factors that specify the capacity of vegetation cover,
particularly the areas contained by natural trees and
shrubs (that safeguard the surface soil from eroding
and reduce the impact of possible water erosion), will
be affected because of the change in land-cover. Thus,
if the area covered by natural trees and shrubs was
damaged, then the values of the C factor will grow
even though the conversion to agricultural and build-
up areas. Therefore, there will be an upsurge in the
tendencies of soil erosion rate, and in some of the
regions, it may result in extreme erosion.

Conclusion

The present research used the RUSLE model to pur-
sue an investigation that involves evaluating the var-
ying tendencies of soil erosion and sediment yield
caused by the potential variations in the land-cover
and climate in the Chitral district. The area has a pro-
digious hydropower potential due to a critical river
(Chitral River) that flows through the district. The
soil erosion might result in a reduction in the storage
level of the reservoirs. It can also have adverse effects
on the ecological system and morphology. The C fac-
tor, which signifies the cropping as well as manage-
ment practices in the investigation of soil erosion, is
deliberated in terms of the vegetation cover. For the
future scenarios, the land-cover change exhibited that
most of the areas covered by natural trees and shrubs
were transformed into agriculture and build-up areas
due to the demands of socio-economic growth in the
area. This change increased the C factor. The results
of the climate change factor demonstrated an expan-
sion in the mean rainfall of the entire district com-
bined with the highest rainfall rate in some regions.
Consequently, in the present research, the values
of the R factor for future scenarios exhibited an
increase in intensity compared to those in historical
times. The outcomes from the anticipated changes
in the land-cover and climate scenarios specified
an amplified soil erosion rate of 500 and 550 t/ha/
year under RCP8.5 in 2030 and 2040, respectively.
In most of the lower parts of the Chitral district, the
sediment yield was found to be very high (>200 t/ha/
year) under all RCP scenarios in 2030 and 2040. The
soil erosion and deposition maps highlight the poten-
tially vulnerable areas. Thus, the outcomes empha-
size that the region will be subjected to considerable

@ Springer

soil erosion in the near future. For protecting the soil
from eroding, the government authorities need to
instantly develop and implement progressive con-
servation policies in the area by bearing in mind
the results of this research. Therefore, to stimulate
balanced development and thus regulate the irregu-
lar land-cover change, devising and executing the
soil-water preservation strategy should be enforced
for the deliberated area.

Data availability The datasets generated during and/or ana-
lyzed during the current study are available from the corre-
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