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Abstract The effect of land cover changes on
annual peak discharge is evaluated using a novel
method combining principal component analy-
sis (PCA) and random forest regression (RF). This
approach calculates original feature contributions by
multiplying absolute PCA loadings with RF-derived
component importances, enabling direct attribution
of discharge variations to specific land cover types in
each subbasin, which represents an integration unex-
plored in prior PCA-RF applications. The PCA-RF
method is applied in the basin upstream of Golestan
Dam, Iran. It uses multitemporal Landsat imagery for
NDVI-based land cover classification, annual instan-
taneous peak discharge data from hydrometric sta-
tions, and elevation data for subbasin delineation over
a limited period (post-2003, due to data constraints).
Despite limitations like scarce hydrometric data and
a short collection period, the method analyzes rela-
tionships between land cover classes and floods in
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subbasins. Remote sensing provides spatial vegetation
patterns, organized via GIS; PCA reduces dimension-
ality and identifies key factors; RF models nonlinear
relationships with high accuracy (R? 0.78-0.90, per
SHAP insights). Quantitatively, urban/barren lands
dominated in Tangerah (26.3%) and Hajji Qushan
(30.9%) and thin vegetation in Galikash (26.9%) and
Tamar Gorgan (26.8%), with dense vegetation lowest
in Hajji Qushan (2%). Findings confirm land cover
changes significantly impact flood peaks, varying
spatially: Urban/barren lands accelerate runoff, and
vegetation mitigates it. The PCA—RF method captures
these dynamics despite constraints and offers policy-
makers insights for flood risk reduction, vegetation
restoration, urban runoff control, sustainable manage-
ment, and adaptive planning. Furthermore, this work
provides insights into the interactions between land
cover changes and flood risks that assist policymakers
and land managers in developing effective strategies
for flood risk reduction, water resource management,
and sustainable use practices.

Keywords Land cover changes - Flood - Principal
component analysis (PCA) - Random forest
regression - Remote sensing

Introduction

Floods are destructive natural events that impact
infrastructure, the environment, and the economy
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around the world (Islam et al., 2021; Khosravi et al.,
2019). Between 1995 and 2015, approximately
150,000 flood events worldwide resulted in approxi-
mately 157,000 deaths (Islam et al., 2021). Every
year, floods affect nearly 250 million people and
inflict costs of about 40 billion dollars (Nguyen,
2022). Different types of floods, such as in rivers,
coastal areas, and urban areas, exhibit variable char-
acteristics and damages (Islam et al., 2021). The
impact of flooding is particularly severe in develop-
ing countries due to the effects of climate change and
land cover change (Janizadeh et al., 2021).

There is an urgent need to investigate the factors
affecting the occurrence and severity of floods due to
the increasing number of flood events. These factors
include changes in land cover and vegetation, topog-
raphy, and weather patterns (Rautela et al., 2022; Sofi
et al., 2021). Human activities, such as deforestation,
urbanization, levee and dam construction, alter flood
intensity (Boroughani et al., 2025; Junger et al., 2022;
Pal et al., 2022; Roy et al., 2022; Salar-Khorasani &
Singh, 2026). Advanced flood risk assessment meth-
ods are necessary for effective flood risk manage-
ment and mitigation (Nguyen et al., 2022a). Remote
sensing and analysis of land cover change detection,
including the use of the normalized difference vegeta-
tion index (NDVI), are critical tools for monitoring
these changes and assessing their impacts on flooding
(Jacobberger-Jellison, 1994; Peters et al., 1993).

Land cover and vegetation changes significantly
affect flood dynamics. For example, deforestation
reduces the surface roughness and the infiltration
capacity of the land, thereby increasing the flood risk
(Nguyen et al., 2022b; Sugianto et al., 2022). Effec-
tive conservation and management of water and land
resources are essential for sustainability and provide
benefits such as soil erosion control, runoff utiliza-
tion, increased groundwater recharge, and reduced
land degradation (Bhattacharyya et al., 2015). Vari-
ous catchment characteristics, including size, shape,
drainage pattern, and slope, affect infiltration rates
and peak flood discharges (Rautela et al., 2022; Sofi
et al., 2021).

The NDVI index is commonly used to evaluate and
monitor the response of vegetation to environmental
changes such as drought (Jacobberger-Jellison, 1994;
Peters et al., 1993). By analyzing satellite images
before and after these changes, researchers iden-
tify changes at large spatial and spectral scales. The
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effects of climate change, changes in land use pat-
terns, and natural and anthropogenic changes have
reinforced the reliance on remote sensing data and
digital image change detection techniques to docu-
ment changes in ecological structure and function
(Collins & Woodcock, 1996).

Principal component analysis (PCA) is a technique
that can be applied to transform satellite images with
uncorrelated groups to detect land cover changes eas-
ily (Byrne et al., 1980; Jensen & Christensen, 1986).
The combination of PCA and the NDVI index is a
powerful tool for detecting changes in vegetation due
to factors such as economic development, population
growth, urbanization, and industrialization (Cao-
cao et al., 2008) that significantly enhance flood risk
assessments (Al-Juaidi et al., 2018; Chen et al., 2020;
Khoirunisa et al., 2021; Tehrany et al., 2014; Wang
etal., 2021).

Remote sensing and machine learning techniques
have become increasingly prominent in monitoring
and identifying land use/land cover (LULC) changes
and their impacts on hydrologic processes (Alarifi
et al., 2022; Dewan et al., 2006). For example, Nige-
ria has experienced significant changes in LULC due
to natural and human factors, which necessitate an
in-depth consideration of the relationship of these
changes with floods and the adoption of suitable man-
agement strategies (Ighile & Shirakawa, 2020; Meyer
& Turner, 1992). The creation of thematic maps using
the classification of satellite images is a common
application of remote sensing that provides reliable
information for land and disaster management (Yan
et al., 2015).

Understanding the dynamics of LULC changes
is imperative to achieve sustainability because
these changes significantly affect ecosystems and
hydrologic regimes (Bhaduri et al., 2000; Menzel
& Blongewicz, 2000). Furthermore, deforestation,
among other land use changes, significantly alters
surface runoff, peak discharge, and flood hazards
(Hammer, 1972; Klein, 1979; Schueler, 1994). For
these reasons, the use of remote sensing technology
combined with GIS is valuable in the evaluation of
LULC changes and planning management strategies
(Reid et al., 2000; Singh, 1989).

Machine learning algorithms, such as the ran-
dom forest (RF) algorithm, have shown excel-
lent performance in predicting floods and creating
maps of flood-prone areas (Madhuri et al., 2021;
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Roy et al., 2020; Tehrany et al., 2019). Compared
to other machine learning models like support vec-
tor machines (SVMs) or single decision trees, RF
offers several advantages in flood prediction contexts,
including reduced overfitting through ensemble learn-
ing (averaging multiple decision trees), robustness to
noise and imbalanced data, efficient handling of miss-
ing values, and the ability to provide feature impor-
tance measures for better interpretability (Breiman,
2001; Lee et al., 2017; Mosavi et al., 2018). These
benefits make RF particularly suitable for captur-
ing complex, nonlinear relationships in hydrological
data with high accuracy and generalization, as dem-
onstrated in flood susceptibility mapping, where RF
often outperforms alternatives in metrics like AUC
and sensitivity (Lee et al., 2017). Combining these
algorithms with PCA provides a powerful tool for
analyzing the impact of land cover changes on peak
flow and flood risk.

Assessing land cover change impact on peak dis-
charge is of utmost importance. This topic has been
tackled by numerous authors but gaps remain in
the assessment (Bozorg-Haddad & Marifio, 2007;
Bozorg-Haddad et al., 2009a; Bozorg-Haddad et al.,
2009b; Bozorg-Haddad & Marifio, 2011; Bozorg-
Haddad et al., 2016; Fallah-Mehdipour et al., 2011;
Karimi-Hosseini et al., 2011; Soltanjalili et al., 2011;
Sabbaghpour et al., 2012; Fallah-Mehdipour et al.,
2013; Shokri et al., 2013; Orouji et al., 2014; Beygi
et al., 2014). To address these gaps, this study aims to
evaluate and rank the effects of land cover changes on
the annual instantaneous peak discharge by applying
a novel framework that integrates principal compo-
nent analysis (PCA), random forest (RF) regression,
and remote sensing data assimilation. This approach
is explicitly demonstrated through a case study in the
basin upstream of the Golestan Dam, Iran. Despite
regional data limitations, such as scarce hydrometric
records and a short collection period (post-2003), this
methodology leverages GIS and machine learning to
effectively capture the complex, nonlinear relation-
ships between land cover dynamics and hydrological
responses. Ultimately, by providing a clearer under-
standing of these interactions, this study seeks to
offer actionable insights for policymakers regarding
flood risk reduction, vegetation restoration, and adap-
tive planning, while highlighting pathways for future
research using expanded datasets.

Materials and methods

The “Materials and methods” section begins with an
introduction of the study area, highlighting its loca-
tion and the reasons for its selection. This is followed
by a description of the datasets used, including their
sources and time periods. Finally, the research meth-
odology is presented in a structured manner, outlining
the overall approach and analyses performed in the
study.

Case study

The study area is located upstream of the Golestan
Dam in the Golestan province of Iran. This region
was selected due to its history of frequent and severe
flood events, making it a critical case for studying
the impacts of land cover changes on hydrologi-
cal responses and flood risk management. Notably,
Golestan province has experienced some of Iran’s
most devastating floods, including the catastrophic
August 2001 flash flood—one of the worst in over
two centuries—which claimed over 300 lives, sub-
merged vast areas of forests and farmland, and caused
extensive infrastructure damage in the Gorgan River
basin. More recent events, such as the massive 2019
inundation, affected over 8500 km?, displaced indig-
enous communities, filled the Golestan Dam to
capacity, and highlighted vulnerabilities in water
resource management amid climate variability and
land use changes. Additional floods in 2014, 2016,
and 2017 further underscore the area’s susceptibil-
ity, with heavy rains leading to billions in damages.
The basin’s importance lies in its role as a key water
resource hub for Golestan province, supporting agri-
culture, ecosystems, and downstream populations,
while its diverse topography and climate exacerbate
flood risks, thus necessitating advanced analytical
methods for achieving sustainable mitigation strat-
egies (Ardalan et al., 2009; Khosravi et al., 2019;
Tourani & Caglayan, 2021). This area is important in
terms of water resources and flood management. The
study area is located between latitudes 37.33° N and
37.42° N and longitudes 55.32° E and 55.90° E. The
area of this watershed is 5151.70 km?2, which includes
large parts of Golestan province. Important rivers,
such as the Gorganrud and its branches, flow in this
area, which direct the surface water and groundwa-
ter to the Golestan Dam. In terms of topography, this

@ Springer
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area has a significant elevation variation, with a dif-
ference of up to 2521 m between its lowest and high-
est points. This elevation difference contributes to the
formation of complex water flows that are essential
for hydrological management. The area, encompass-
ing the Eastern Alborz Mountains, features high and
semihumid plains with climates ranging from humid
to semiarid. Vegetation varies from Hyrcanian forests
in elevated regions to pastures and agricultural lands
in the lower areas. As shown in Fig. 1, the region’s
ecological richness and diverse topography foster
numerous streams and rivers that ultimately flow into
the Golestan Dam.

Data

Shuttle Radar Topography Mission (SRTM) elevation
data were acquired to provide a detailed topographi-
cal context (U.S. Geological Survey [USGS], 2024b).
To depict this hydrological setting, satellite imagery

Corps of Engineers [USACE], 2024). The result-
ing basin and subbasin boundaries, together with the
locations of hydrometric stations, were subsequently
overlaid on the satellite image. Within this context,
data on annual peak discharge across the Tangerah,
Galikesh, Hajji Qushan, and Tamar Gorgan subbasins,
as detailed in Table 1, are essential for understanding
fluctuations in water flow. The annual instantaneous
peak discharge data were obtained from Iran’s Water
Resources Management Company for the years 2004,
2009, 2013, 2016, and 2019 (Iranian Water Resources
Management Company [[WRM], 2024). Further-
more, to monitor environmental changes over time,

Table 1 Annual instantaneous peak discharge (m?s) in the
Tangerah, Galikesh, Hajji Qushan, and Tamar Gorgan subba-
sins

Year Tangerah Galikesh Hajji Qushan Tamar Gorgan

. 2004 36.5 15.1 185 127
from the Landsat archive (USGS Earth Explorer) 5009 31 152 14 39
(U.S. Geological Survey [USGS], 2024c) was used. ’
. . . 2013 26 53.2 50.6 39
The imagery was processed in QGIS (version 3.34) 016 25 65 103 s
(QGIS.org, 2024), while subbasin delineation was 019 151 310 130 230
carried out in HEC-HMS (version 4.11) (U.S. Army
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Fig. 1 Location of selected hydrometric stations, basin and subbasins upstream of Golestan Dam, and land use/land cover map of

the study area
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Landsat 5, 7, and 8 satellite images of collection 2 and
level 2 with a resolution of 30 m, corresponding to
October of the same years, were used. To ensure tem-
poral consistency and minimize the influence of sea-
sonal vegetation variability on NDVI values and land
cover classification results, all images were intention-
ally selected from the same month (October) across
the study period. These images, all projected in the
UTM coordinate system, zone 40, level 2, provided
critical spatial and temporal insights into land cover
changes, as detailed in Table 2 (U.S. Geological Sur-
vey [USGS], 2024c). Hydrometric stations upstream
of the Golestan Dam, whose details are outlined in
Table 3, also play a fundamental role, as their data
enable tracking of river dynamics and hydrological
patterns. These are crucial elements for this research.

Methodology

The computational steps in the methodology section
of this research begin with the selection of the flood
risk watershed. The next steps include collecting per-
tinent datasets (annual instantaneous peak discharge,
elevation data, and satellite images) and delineating
the basin and subbasin using HEC-HMS (Hydrologic
Engineering Center [HEC], 2024). Hydrometric sta-
tions are assigned based on HEC-HMS procedures.
Following this image processing is performed, and
land cover classification is made using the NDVI

index. Principal component analysis (PCA) is applied
next and the contribution of the main features is cal-
culated. This paper’s methodology ends by running
a random forest algorithm regression to generate
results, reporting R?, MSE, and RMSE values, and
calculating the total contributions of each feature or
land cover class as shown in Fig. 2.

The annual instantaneous peak discharge, satellite
imagery, and elevation date

Instantaneous peak discharge data were utilized
alongside multitemporal Landsat satellite imagery
and topographical data to analyze land feature
changes over time. The satellite images, with suit-
able spatial resolution, were processed through steps
including mosaicking and creating false-color com-
posites to identify relevant land features. Addition-
ally, elevation data were used to delineate subbasins
and provide detailed topographical characterization,
facilitating the examination of interactions between
peak discharge trends and land features.

Basin and subbasin delineation and hydrometric
Station assignment

The catchment area and upstream subbasins were
delineated using HEC-HMS software (U.S. Army
Corps of Engineers [USACE], 2024). Subbasins were

Table 2 Specifications of

o Satellite Sensor Imaging date Number Projection system UTM zone Level

Landsat satellite imagery of bands

data used in this study
LANDSAT 8 OLI/TIRS 2019-10-05 11 UTM 40 Level 2
LANDSAT 8 OLI/TIRS 2016-10—-12 11 UTM 40 Level 2
LANDSAT 8 OLI/TIRS 2013-10-04 11 UT™M 40 Level 2
LANDSATS5 TM 2009-10-25 4 UT™M 40 Level 2
LANDSAT7 ETM+ 2004-10-03 9 UTM 40 Level 2

Table 3 Specifications of hydrometric stations upstream of Golestan Dam (IWRM, 2024)

Row Construction Elevation (m) Latitude (°) Longitude (°) River name Station name Station code

year

1 1965 330 37.40 55.80 Dugh Tangerah 12-001

2 1969 249 37.49 55.51 Gorganrud Tamar Gorgan 12-005

3 1965 250 37.26 55.45 Oghan Galikesh 12-007

4 1983 45 37.42 55.37 Gorganrud Hajji Qushan 12-063

@ Springer
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«Fig. 2 Methodology flowchart for the watershed study, show-
ing key steps including satellite image acquisition, NDVI cal-
culation and land cover classification, PCA for feature reduc-
tion, random forest regression, and calculation of feature
contributions

defined based on hydrometric data, considering fac-
tors such as the availability of flood records and the
spatial arrangement of monitoring stations. Hydro-
metric stations were assigned to the subbasins accord-
ing to their relevance to the study objectives. Detailed
figures and tables illustrating these assignments will
be included in the case study section.

Image processing

Image preprocessing is essential for minimizing
errors and obtaining interpretable data. The effects
of artifacts resulting from sensor products and atmos-
pheric interferences were considered in this work to
accurately recognize and separate relevant ground
features based on reflectivity spectra. Landsat collec-
tion 2 level 2 images, which have undergone preap-
plied geometric and radiometric corrections by the
USGS, were used to enhance the reliability of this
work’s analysis. Additionally, images with the low-
est cloud cover were manually selected by comparing
all available images within the same month to further
minimize atmospheric disturbance. This procedure
was performed using QGIS (QGIS.org, 2024), incor-
porating automated and manual preprocessing tech-
niques through classification tools. Blue, green, red,
NIR, SWIR1, and SWIR2 bands were utilized, while
less significant bands were excluded. All images were
corrected and displayed using the Transverse Merca-
tor projection. Missing data, primarily from Landsat
7 ETM +images, were estimated using the Raster
Interpolation tool, which interpolates missing values
based on neighboring pixel information to ensure spa-
tial continuity.

The Landsat Gap Fill tool is widely used to correct
the SLC-off error of Landsat 7 ETM + images, which
occurred after the scan line corrector failure in 2003,
causing data gaps and black banding. In this study,
the TIN-based interpolation method in QGIS was
applied, interpolating missing pixels from adjacent
valid data by forming triangles between surround-
ing pixels (U.S. Geological Survey [USGS], 2024a).
Landsat 7 images from 2004 were corrected using

this approach, after which the mosaicked images were
clipped to the delineated subwatersheds for subse-
quent analysis.

NDVI calculation and land cover classification

The range of values of the NDVI index, which is
between—1 and 1, was calculated using single-
date Landsat images acquired in October of each
study year based on Eq. (1). For all subbasins, the
land cover classes obtained using the NDVI value
ranges were classified following Akbar et al. (2019).
The urban land and barren land classes were com-
bined to minimize potential classification errors, as
listed in Table 4. Additionally, the water body class
was removed because it was not consistently present
across all subbasins and study years. Consequently,
each subbasin was classified into four categories:
urban and barren lands, thin vegetation, moderate
vegetation, and dense vegetation.

_ (NIR — Red)

NDVI = ~—————’
(NIR + Red) M

where NIR and RED denote the near-infrared and red
bands of satellite images, respectively.

Statistical and machine learning analyses

This section describes the statistical and machine
learning framework adopted to analyze the relation-
ship between land cover changes and annual peak
discharge. First, principal component analysis (PCA)
is applied to reduce data dimensionality and extract
dominant patterns of land cover variability. These
components are then used as inputs to a random for-
est model to predict peak discharge, followed by a
combined analysis of PCA loadings and random for-
est feature importance to quantify the contribution of
individual land cover classes.

Principal component analysis (PCA) The Python
programming language was implemented to perform
the principal component analysis (PCA) (Microsoft,
2024). The PCA method was applied to reduce the
number of land cover classes to two principal com-
ponents by considering the maximum explained
variance (explained variance was obtained from the
eigenvalue calculations). This approach simplifies the

@ Springer
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Table 4 NDVI range used for land cover classification

Class NDVI range
Water bodies —0.28 t0 0.015
Urban and barren lands 0.015t00.18
Thin vegetation 0.18 t0 0.27
Moderate vegetation 0.27t0 0.36
Dense vegetation 0.36 t0 0.74

model by converting the input data into a set of main
components and minimizes the risk of overfitting due
to the reduced number of input data for each year.

PCA provides an alternative to subjective variable
selection by objectively simplifying a large number of
variables into a few uncorrelated factors that reveal
most of the variability in the underlying data (Abdi
& Williams, 2010). The PCA approach increases flex-
ibility regarding the selection and number of vari-
ables, thereby allowing for a more robust and consist-
ent set of variables. It also provides several potential
advantages over aggregating spatially explicit and
uncorrelated variables (Abson et al., 2012).

It should be noted that the principal components
derived in this study are not intended to represent iso-
lated physical land cover variables. Instead, they are
latent constructs that summarize dominant patterns
of land cover change over time, with each compo-
nent being characterized by the relative contributions
(loadings) of multiple land cover classes. The primary
objective of applying PCA is to highlight years in
which structural land cover changes were more pro-
nounced, thereby improving the signal-to-noise ratio
of the input data used for machine learning analysis.

The vulnerability index is constructed as a func-
tion of the principal components (PC) and their
subsequent aggregation. PC aggregation refers to a
method used to combine transformed, normalized,
and weighted indices into a simpler metric, reduc-
ing the amount and complexity of information that
must be used during the process of classifying areas
into vulnerability classes (Nguyen et al., 2016). It is
important to note that existing aggregation methods
do not guarantee that these regions have similar char-
acteristics in terms of the value variables of interest
and, therefore, vulnerability. In addition, the choice of
aggregation method affects the results and makes PC
aggregation a subjective decision in the index con-
struction process (Bohringer & Jochem, 2007).

@ Springer

Random forest analysis The random forest algo-
rithm and the selected acceptable principal com-
ponents were implemented to perform regression
analysis between the area of the cover classes and the
annual instantaneous peak discharge. The random for-
est (RF) algorithm (Breiman, 2001) solves classifica-
tion and regression problems. The RF algorithm is
a combination of a bagging algorithm and a random
subspace method. RF works by constructing many
decision trees (DT) following three main steps:

1. Using the bootstrap method to build a data subset
similar in size to the original dataset.

2. Making the DT based on subsets.

3. Predicting the outcome by majority voting.

RF handles multidimensional data well, and its
robustness is evident in its ability to accommodate
missing data (Chen et al., 2020). Its performance
depends on the number of decision trees (Ntree) and
the number of variables used to build the tree (mtry).
The model was trained to predict peak discharge
rates, and feature importance was calculated based on
the reduction in mean squared error (MSE).

RF is proficient in managing large datasets, cap-
turing intricate associations, and mitigating overfit-
ting concerns. Its application in assessing and fore-
casting flood-prone regions has gained popularity
(Chen et al., 2020; Roy et al., 2020). RF can integrate
diverse influencing factors, accommodate nonlin-
ear associations, and yield precise and dependable
outcomes. The model’s thoroughness is evident in
its comprehensive analysis of input variables, which
facilitates the identification of pivotal factors con-
tributing to flood susceptibility. The selection of
the RF model for flood susceptibility modeling was
based on its superior performance compared to other
algorithms. RF produces accurate results with lower
variances and biases and higher precision rates (Chen
et al., 2020; Pourhashemi et al., 2025).

Calculation of feature contributions The con-
tribution of major land cover features in predict-
ing annual peak flow discharge was calculated by
combining PCA loadings with feature importance
obtained from the random forest model. This process
involves the following computational steps.
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Principal component analysis (PCA) load-
ings PCA is a crucial step in our method, as it
effectively reduces the data’s dimensionality while
preserving as much variance as possible. This trans-
formation involves finding the eigenvalues and eigen-
vectors of the covariance matrix S, key variables in
the implementation of PCA.

A crucial step of PCA involves solving the eigen-
value problem for the covariance matrix of the data-
set. This problem is represented by Eq. (2).

Sa=Aa )

where S, a, and 4 denote respectively the sample
covariance matrix, eigenvector, and the correspond-
ing eigenvalue. The eigenvalues represent the vari-
ances of the principal components, and the eigen-
vectors represent the directions of these components
(Jolliffe & Cadima, 2016).

Random forest feature importances This paper’s
methodology also leverages the power of the random
forest model to determine feature importance. Each
importance score i, indicates the significance of the
k-th principal component in predicting the target
variable (annual peak discharge rates), facilitating the
interpretation of the research analysis’s results.

The importance score i, is given by Eq. (3) for each
principal component. k is computed by evaluating the
error reduction (mean squared error) at each node in
the decision trees where the principal component & is
used to split the data. For each tree () in the random
forest, the importance of the principal component k
is calculated by summing the reductions in prediction
error across all nodes that use k as a splitting feature.

i = Z _ (reduction in error at node j)
k j € nodes using k

(©))
where i,° = the importance score of the k-th prin-
cipal component in the #-th tree; j=index for the
nodes in the tree that use the k-th principal compo-
nent for splitting; nodes using k=the set of all nodes
in the #-th tree that use the k-th principal component
as a splitting feature; and (reduction in error at node
j)=the amount by which prediction error decreases
when the split at node j is made using the k-th princi-
pal component.

The overall importance score i, given by Eq. (4)
for the principal component k across the entire forest

() _

is obtained by averaging these scores across all m
trees in the forest.

— ()
_Zt lkt (4)

where i, = the aggregated importance score of the k-
th principal component across the entire random for-
est and m=the total number of trees in the random
forest.

Total contribution

For each original feature j, the contribution to the
flow rate prediction is calculated by summing the
roducts of the absolute values of the PCA loadings
fpkj| and the corresponding feature importances i,

from the random forest model across the selected
principal components, which are chosen based on
their high variance, and, thus, their significant contri-
bution to the prediction of the annual peak flow.

The formula for the contribution C; of the j-th orig-
inal feature is given by Eq. (5).

G = Zk’ij| X iy )

where C; =contribution of the j-th original feature;
|ka| = absolute value of the PCA loading for the j-th

original feature and the k-th principal component;
i,=importance of the k-th principal component from
the random forest model; and k=index that ranges
over the number of principal components.

The overall contribution of the data features is
given by Eq. (6), which represents the sum of the
contributions of all the principal components to the
variance of the dependent variable (i.e., the annual
peak flow).

Ctolal = Zj Ci (6)

Equation (6) ensures that every aspect of the data
is considered in the analysis. These calculations pro-
vide a measure of how each land cover type (origi-
nal feature) contributes to the prediction of discharge
rates, therefore helping to identify the most influential
land cover types in each subbasin. This methodology
is grounded in the established principles of PCA and
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the interpretation of feature importance from random
forest models (Abedi et al., 2021).

Results and discussion

The study provides an overview of factors affecting
flow prediction across the Tangerah, Galikesh, Hajji
Qushan, and Tamar Gorgan subbasins. PCA identifies
key components for subsequent analyses, while the
random forest model performance is evaluated using
R?, MSE, RMSE, and SHAP values. The contribu-
tions of land cover types are also discussed, offering
insights into their influence on flow predictions. The
following sections present detailed results for each
analysis.

PCA results

Figure 3 shows graphs of the variance explained
by each of the principal components (PCs), while
Table 5 presents the PCA loadings for land cover
classes across the subbasins. In each graph, the first
principal component (PC1) records the highest vari-
ance, followed by the second principal component

B Tangerah variance Explained (%)

Hajji Ghushan variance Explained (%)

Table 5 Principal component loadings and explained variance
for land cover classes across four subbasins, representing the
PCA component matrix

Subbasin Class PCl1 PC2
Tangerah Urban and barren lands -0.50 —-0.52
Thin vegetation cover -031 0.79
Moderate vegetation cover  0.58 0.21
Dense vegetation cover 0.57 -0.25
Variance explained 69% 30%
Galikesh Urban and barren lands -048 -0.60
Thin vegetation cover -0.46 0.66
Moderate vegetation cover  0.53 0.33
Dense vegetation cover 0.53 —0.30
Variance explained 81% 18%
Hajji Qushan Urban and barren lands -0.49 0.71
Thin vegetation cover -0.49 -0.70
Moderate vegetation cover  0.51 —-0.03
Dense vegetation cover 0.50 0.04
Variance explained 64% 31%
Tamar Gorgan  Urban and barren lands 0.58 -0.22
Thin vegetation cover -035 0.76
Moderate vegetation cover —0.57 —0.23
Dense vegetation cover -0.47 -0.56
Variance explained 70% 28%

B Galikesh variance Explained (%)

Tamar Gorgan variance Explained (%)
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Fig. 3 The variance explained by principal components in the four subbasins: Tangerah, Galikesh, Hajji Qushan, and Tamar Gorgan
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(PC2). The components PC3 and PC4 gradually
explain less variance and become almost insignifi-
cant. The variance explained by PC1 is high in all
subbasins, fluctuating between 64 and 81%, which
demonstrates its dominant role in explaining the
variance in land cover classes. In comparison, PC2
accounts for 18 to 31% of the variance, playing a sup-
porting role in explaining the distribution between
cover classes and adding depth to the analysis. Given
this pattern, PC1 and PC2 were selected for further
analysis, as they collectively explain most of the vari-
ance in the data. This choice reduces the dimension-
ality while preserving the most informative features
of the dataset, ensuring the representativeness of the
analysis.

The PCA loadings indicate that in the Tangerah
subbasin, urban and barren lands have negative load-
ings for PC1 and PC2, while thin vegetation cover
has positive loading for PC2, and moderate and
dense vegetation show positive loadings for PC1. The

2009

Galikash subbasin exhibits a similar pattern: Urban
and barren lands have negative loadings on both com-
ponents, and thin vegetation is strongly positive with
respect to PC2. The Hajji Qushan subbasin presents
a different trend, such that urban and barren lands
have positive loadings for PC2 and negative loadings
for PC1, while thin vegetation shows a negative load-
ing on both components. The Tamar Gorgan subba-
sin exhibits urban and barren lands that have positive
loadings for PC1 and negative loadings for PC2, and
thin vegetation has a positive loading for PC2.

The Tangerah subbasin

The survey of land cover changes in the Tangerah
subbasin during 2004, 2009, 2013, 2016, and 2019
reveals significant temporal dynamics. Figures 4 and
8a and Table 6 illustrate these fluctuations, showing
that urban and barren lands peaked at 1632.70 km?
in 2009 before decreasing to 1499.21 km? in 2019.

2013
e ‘ﬁ’:;} pusg -

-

Water Body
Urban and Barren Lands
Thin Vegetation Cover

Moderate Vegetation Cover

Dense Vegetation Cover

Fig. 4 Land cover class maps of the Tangerah subbasin for the years 2004, 2009, 2013, 2016, and 2019
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Simultaneously, thin vegetation cover declined from
95.79 km? in 2004 to 95.46 km” in 2019, with a nota-
ble increase in 2013. Moderate vegetation generally
decreased, while dense vegetation increased from
46.06 km® in 2004 to 61.80 km? in 2019, despite
some fluctuations.

The Galikesh subbasin

The survey of land cover changes in the Galikesh sub-
basin from 2004 to 2019 reveals significant tempo-
ral dynamics. Figures 5 and 8b and Table 6 illustrate
these fluctuations, showing that urban and barren
lands peaked at 256.02 km? in 2009 before decreas-
ing to 176.88 km? in 2019. Thin vegetation cover
declined from 84.77 km? in 2004 to 70.35 km? in
2019, with variations in between. Moderate vegeta-
tion increased from 97.40 km?* in 2004 to 105.94 km?
in 2019, reaching its lowest level of 32.43 km? in

2009. Dense vegetation initially dropped from 20.46
km? in 2004 to 0.12 km? in 2013 before rising to
43.04 km? in 2019.

The Hajji Qushan subbasin

The survey of land cover changes in the Hajji Qushan
subbasin from 2004 to 2019 reveals significant tem-
poral dynamics. Figures 6 and 8c and Table 6 illus-
trate these variations, showing that urban and barren
lands increased from 814.95 km? in 2004 to 908.69
km? in 2019, peaking at 970.40 km? in 2009. Thin
vegetation initially rose from 170.43 km? in 2004 to
290.25 km? in 2009, fluctuated over the years, and
finally declined to 139.47 km? in 2019. Moderate
vegetation reached 95.87 km? in 2009 and further
increased to 225.39 km? in 2019. Dense vegetation
followed a decreasing trend, dropping from 106.21

Table 6 Area of land

2 Year Area of urban and  Area of thin Area of moderate Area of dense
cover classes (.km )in ﬂ,l,? barren lands (km?)  vegetation cover vegetation cover vegetation cover
Tangerah, Galikesh, Hajji (km?) (km?) (km2)
Qushan, and Tamar Gorgan
subbasins for the years Tangerah subbasin
2004 200, 2013, 2016, 2004 1516.08 95.79 133.00 46.06

2009 1632.70 113.00 40.69 0.80
2013 1524.17 181.05 83.48 321
2016 1500.05 136.19 132.53 22.71
2019  1499.21 95.46 135.13 61.80
Galikesh subbasin
2004 194.73 84.77 97.40 20.46
2009 256.02 108.45 3243 0.32
2013 209.46 130.64 56.91 0.12
2016 165.84 104.38 108.31 17.99
2019 176.88 70.35 105.94 43.04
Hajji Qushan subbasin
2004 814.95 170.43 276.55 106.21
2009 970.40 290.25 95.87 2.24
2013 943.52 238.31 177.62 4.77
2016 897.04 180.15 249.40 39.19
2019 908.69 139.47 225.39 90.78
Tamar Gorgan subbasin
2004  1324.89 156.71 104.48 7.26
2009 1471.66 103.93 12.07 0.046
2013 1390.40 163.86 37.12 0.069
2016 1325.87 208.58 55.80 0.57
2019 1313.19 156.65 106.20 14.78
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- Dense Vegetation Cover

Fig. 5 Land cover class maps of the Galikesh subbasin for the years 2004, 2009, 2013, 2016, and 2019

km? in 2004 to 90.78 km? in 2019, with its lowest
value recorded in 2009.

The Tamar Gorgan subbasin

The survey of land cover changes in the Tamar Gor-
gan subbasin from 2004 to 2019 highlights significant
temporal dynamics. Figures 7 and 8d and Table 6
illustrate these variations. Urban and barren lands
increased from 1324.89 km? in 2004 to 1331.19 km*
in 2019, reaching a peak of 1471.66 km? in 2009.
Thin vegetation fluctuated, starting at 156.71 km?
in 2004, dropping to 103.93 km? in 2009, and then
increasing again to 156.65 km? by 2019. Moderate
vegetation followed a fluctuating pattern, rising from
104.48 km? in 2004 to 106.20 km? in 2019, with its
lowest point recorded at 12.06 km? in 2009. Dense
vegetation initially decreased from 7.26 km? in 2004

to 0.57 km? in 2016 but then increased to 14.78 km?
by 2019.

The RF results

In the following sections, the performance of the ran-
dom forest model is evaluated across the studied sub-
basins. Key metrics, including R?, MSE, and RMSE,
are presented, along with SHAP value analysis to
interpret the contribution of principal components
and land cover types to peak discharge predictions.
Overall, the model demonstrates strong performance,
explaining 78-90% of the variance in discharge, and
highlights the key role of vegetation and impervi-
ous surfaces in controlling watershed hydrological
responses.
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- Urban and Barren Lands

- Thin Vegetation Cover
- Moderate Vegetation Cover
- Dense Vegetation Cover

Fig. 6 Land cover class maps of the Hajji Qushan subbasin for the years 2004, 2009, 2013, 2016, and 2019

Model performance and SHAP value analysis

From a hydrological standpoint, the principal com-
ponents derived from PCA capture distinct land
cover patterns that affect watershed response. PC1,
strongly associated with vegetation indices and
forest cover, generally indicates higher infiltra-
tion, greater soil moisture storage, and more sta-
ble baseflow, whereas negative PC1 values often
reflect reduced vegetation or increased impervious
areas, leading to higher runoff. PC2, influenced by
croplands, bare soil, and water bodies, reflects vari-
ability in rapid runoff generation and flow timing,
with positive values indicating higher water reten-
tion potential. These interpretations help explain the
direction and magnitude of SHAP values observed
across subbasins.

@ Springer

The SHAP value plot in Fig. 9 displays the effect
of the two main components PC1 and PC2 on the
model. The top of the colored line representing the
SHAP value is shown in red, while the bottom is
shown in blue. The SHAP plot reveals the influenc-
ing factors and the direction (positive or negative) of
each main component on the predicted discharge for
the related subbasins.

The graphs in Fig. 10 show the performance of
RF model in predicting discharge for the Tangerah,
Galikesh, Hajji Qushan, and Tamar Gorgan sub-
basins, where blue points represent observed values
and red points represent predictions, with vertical
distances indicating prediction errors. While the R>
values (0.78-0.90) indicate a generally high level of
accuracy, larger differences between predicted and
observed flows occur in extremely wet or dry years. In
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Fig. 7 Land cover class maps of the Tamar Gorgan subbasin for the years 2004, 2009, 2013, 2016, and 2019

most subbasins, the largest gap between observed and
predicted values is seen in 2019, which is attributable
to the occurrence of a major flood event in that year
with a return period of several decades in the region.
These discrepancies are likely related to the influ-
ence of hydrological variability and land cover—flow
dynamics under extreme conditions, where factors
such as intense rainfall, prolonged drought, vegetation
loss, agricultural expansion, or changes in impervious
surfaces can significantly alter runoff generation and
peak discharge. When such climatic extremes coin-
cide with notable land cover changes, the resulting
flow responses may deviate from patterns represented
in the training data, leading to a higher probability of
prediction errors in peak discharge values.

The model performance metrics (R2, MSE,
RMSE) and the SHAP values for the random forest
regression model across the four subbasins (Tange-
rah, Galikesh, Hajji Qushan, and Tamar Gorgan) are

listed in Table 7, which underscores the influence
of the principal components (PC1 and PC2) on the
model output, and it also reveals the diverse contri-
butions and impacts of different land cover types in
each subbasin.

According to Table 7 in the section corresponding
to the Tangerah subbasin, the random forest regres-
sion model reached an R* of 0.78. This value indi-
cates that approximately 78% of the variance in the
target variable is explained by the model. MSE equals
512.82. The RMSE equals 22.65, which provides
an estimate of the standard deviation of the predic-
tion errors, indicating relatively high accuracy of the
model. The SHAP value diagram of the Tangerah
subbasin shows that PC1 mainly has high values and
has a positive effect on the model output. The PC2
shows a combination of positive and negative contri-
butions and affects the model with high and low fea-
ture values.
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Fig. 8 Radar charts depicting the distribution of land cover types across different years in four subbasins. a Tangerah. b Galikesh. ¢

Hajji Qushan. d Tamar Gorgan

Concerning the Galikesh subbasin, it is seen in
Table 7 that the model achieves R* equal to 0.83 and
this shows that about 83% of the variance of the target
variable or discharge is explained by the model. The
MSE in this subbasin is about 2067.99. This error is
larger compared to other subbasins and the reasons
for this can be the increase in variability in the data
or imperfections in the model fit. The RMSE is 45.48.
This larger RMSE indicates that the model predic-
tions for the Galikesh subbasin are less accurate
than in other subbasins. The SHAP value plot for the

@ Springer

Galikesh subbasin shows that PC1 has high feature
values that positively affect the model output. On the
other hand, PC2 shows a wide range of effects, with
some of the above characteristics having a positive
effect and others having a negative effect.

According to Table 7, the random forest model
reaches R? of about 0.87, which shows that about
87% of the variance and dispersion of the data is
explained by the model in the Hajji Qushan sub-
basin. The MSE is relatively low and its value
equals 461.02. This value is smaller compared to
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Fig. 9 SHAP value plots for the four subbasins: Tangerah (a), Galikesh (b), Hajji Qushan (c), and Tamar Gorgan (d) respectiy

other subbasins. The RMSE is 21.47, which indi-
cates high accuracy with low standard deviation
and more accuracy in forecasting. The graph of
the SHAP value associated with the Hajji Qushan

subbasin shows PC1 values mostly corresponding to
negative SHAP values. This means a negative influ-
ence on the output of the model corresponding to
low feature values. In contrast, PC2 exhibits mostly

@ Springer



905 Page 18 of 26

Environ Monit Assess (2026) 198:905

Actual vs Predicted Flow Rate

®  Actual
140 ® Predicted
120
£100
4
E 80
59
°
60
401 o s .
o °
20
2004 2009 2013 2016 2019
Year
Tangerah
Actual vs Predicted Flow Rate
175 ® Actual
®  Predicted
150
[
" 125 P9
<
< L
> 100
2
75
50 [ ]
2 I
2004 2009 2013 2016 2019
Year
Hajji Ghushan

Fig. 10 Actual vs. predicted flow rates (m?%/s) for subbasins
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Table 7 The model performance metrics and key insights from the SHAP value plots for each subbasin

Subbasin R>  MSE (m3/s) RMSE (m3/s) Key SHAP insights

Tangerah 0.784 512.82 22.65 PCI1 has high positive feature values, while PC2 has mixed positive and nega-
tive contributions

Galikesh 0.832 2067.99 45.48 PC1 has high positive impacts, while PC2 shows wide-ranging impacts with

high feature values contributing both positively and negatively

Hajji Qushan  0.871  461.02 21.47

PC1 generally has negative SHAP values, and PC2 shows predominantly

negative impacts with some positive contributions

Tamar Gorgan 0.904  513.20 22.65

PC1 has negative SHAP values, indicating negative influences, while PC2 has

positive SHAP values for higher feature values

negative effects, although it contributes positively at
high feature values.

Concerning the Tamar Gorgan subbasin, the
results listed in Table 7 establish that the model
shows the best performance with an R* value of 0.9.

@ Springer

This value represents the explanation of approxi-
mately 90% of the variance of the target variable by
the model. The MSE equals 513.20 and the RMSE
equals 22.65. These values indicate the good perfor-
mance of the model. The SHAP value plot for Tamar
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Gorgan shows that PC1 generally has negative SHAP
values, which indicates a negative effect on the model
output. Conversely, PC2 has positive SHAP values
for higher feature values, indicating a positive contri-
bution to model output.

In summary, the random forest regression model
exhibits strong performance in all subbasins. In the
Tamar Gorgan subbasin is achieved the highest value
of R?, which constitutes the best-fitting model. From
these results, it is clear from the comprehensive and
accurate SHAP values of the positive influence of the
principal components PC1 and PC2 on the forecast-
ing models, with those influences varying among the
subbasins. This paper’s analysis ensures that all con-
tributing factors are considered and reveals the dif-
ferent characteristics and overall performance of the
model for each subbasin, which provides valuable
insights about hydrological modeling and land cover
analysis.

Land cover distribution and feature contributions

The contributions of dense vegetation, moderate
vegetation, thin vegetation, and urban/barren lands
to annual instantaneous peak discharge prediction
were calculated for the Tangerah, Galikash, Hajji
Qushan, and Tamar Gorgan subbasins using Fig. 11
and Table 8. Results show that urban/barren lands
had the greatest effect in Tangerah (26.3%, total share
0.502) and Hajji Qushan (30.9%, total share 0.566),
while thin vegetation dominated in Galikash (26.9%,
total share 0.527) and Tamar Gorgan (26.8%, total
share 0.507). The Tangerah subbasin exhibited the
most balanced influence across all classes (22-26%),
whereas Hajji Qushan showed the least uniform-
ity, with dense vegetation contributing only 2%. The
higher impact of urban/barren lands in Tangerah and
Hajji Qushan reflects the role of impervious sur-
faces or sparse vegetation in reducing infiltration and
accelerating flood response, while the dominance of
thin vegetation in Galikash and Tamar Gorgan indi-
cates heightened sensitivity to small-scale vegetation
changes. The variations observed among subbasins
indicate that the effects of vegetation cover on peak
discharge are not uniform. These findings emphasize
the important role of vegetation cover in controlling
runoff and reducing peak discharge, which can help
prioritize flood mitigation efforts focused on veg-
etation management. These results are essential for

understanding how vegetation cover influences the
annual instantaneous peak discharge in each subbasin.

Discussion

Results from this study indicate that land cover
changes significantly influence annual instantane-
ous peak discharge in the subbasins upstream of
Golestan Dam, Iran, with urban/barren lands exerting
the strongest impact in Tangerah (26.3%) and Hajji
Qushan (30.9%), due to their impervious surfaces
that reduce infiltration and accelerate runoff dur-
ing rainfall events, thereby amplifying flood peaks
in line with established hydrological principles; in
contrast, thin vegetation predominates in Galikash
(26.9%) and Tamar Gorgan (26.8%), highlighting
increased sensitivity to minor vegetative shifts that
diminish water retention and promote rapid surface
flow, whereas dense vegetation provides a mitigating
effect, notably minimal in Hajji Qushan (only 2%),
through enhanced interception, evapotranspiration,
and soil permeability that attenuate discharge vari-
ations. The balanced distribution across land cover
classes in Tangerah (22-26%) reflects a heterogene-
ous landscape that moderates hydrological responses
via interactions among different covers, while the
uneven pattern in Hajji Qushan reveals vulnerabil-
ity to dominant barren areas, underscoring that sub-
basin-specific factors such as topography and soil
characteristics modulate these impacts, as effectively
captured by the novel PCA-RF integration despite
data limitations. These results align with previous
research on land cover dynamics and flood responses;
for instance, in the Nyando River Basin, Kenya, his-
torical land cover changes from 1973 to 2000, includ-
ing deforestation, led to a 16% increase in peak
discharges and a 10% rise in runoff volumes, with
greater effects in upstream deforested subcatchments,
paralleling the observed dominance of urban/bar-
ren areas in amplifying peaks, although the PCA-RF
approach enables more precise attribution to specific
cover types compared to the process-based mod-
els employed in that analysis. Similarly, evaluations
in East African watersheds, such as Kenya’s River
Njoro, demonstrate that land cover alterations sub-
stantially affect peak discharges and runoff, reinforc-
ing vegetation’s role in flood mitigation but differing
in scope owing to the emphasis on subbasin vari-
ability and machine learning integration rather than
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Fig. 11 Contributions of land cover types to discharge prediction for subbasins. a Tangerah. b Galikesh. ¢ Hajji Qushan. d Tamar

Gorgan

solely remote sensing-based hydrologic modeling.
Conversely, investigations using the SWAT model in
Iranian watersheds, such as the Maroon River, report
elevated runoff over decades attributable to vegeta-
tion loss and land use transitions, consistent with the
highlighted protective function of vegetation but var-
ying in quantification—without specific percentage
increases for peak flows—Ilikely due to differences in
model parameterization and the inclusion of climate
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variables not addressed in this data-constrained anal-
ysis. Scientifically, these outcomes clarify biophysi-
cal interactions wherein impervious and sparse cov-
ers serve as runoff amplifiers by shortening response
times and elevating coefficients, while denser veg-
etation acts as a natural regulator, consistent with
ecosystem service frameworks that emphasize veg-
etative contributions to hydrological stability; practi-
cally, they suggest targeted management strategies
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Table 8 Principal component analysis (PCA) contributions of different land cover types to flow rate prediction in four subbasins

Subbasin Urban and Thin vegeta- Moderate Dense Total Total contri- Total con-  Total contribution
barren tion cover vegetation vegetation contribution bution (thin tribution (dense vegetation)
cover cover (urban and  vegetation) (moderate
barren) vegetation)
Tangerah PC1:0.379, PC1:0.234, PCl1:0.443, PCl1:0.436, 0.502 0.420 0.493 0.494
PC2:0.123 PC2:0.186  PC2:0.050 PC2:0.058
Galikesh PCI1:0.320, PC1:0.305, PC1:0.353, PCI1:0.353, 0.520 0.527 0.462 0.452
PC2:0.201 PC2:0.221 PC2:0.109  PC2:0.099
Hajji PC1:0.328, PC1:0.329, PCl1:0.341, PCl1:0.334, 0.566 0.564 0.351 0.347
Qushan PC2:0.237 PC2:0.235 PC2:0.011 PC2:0.013
Tamar PC1:0.359, PCl1:0.216, PC1:0.352, PC1:0.290, 0.443 0.507 0.440 0.503
Gorgan PC2:0.084 PC2:0.291 PC2:0.088 PC2:0.213

for flood-prone regions, including prioritization of
vegetation restoration in thin-cover-dominated sub-
basins like Galikash and Tamar Gorgan to enhance
resilience and deployment of urban controls such as
green infrastructure in Tangerah and Hajji Qushan
to mitigate peak amplification, thereby supporting
improved flood forecasting, sustainable land use plan-
ning, and adaptive water resource policies in the con-
text of environmental changes. For future directions,
research could integrate extended time series data,
higher-resolution imagery, and supplementary vari-
ables like rainfall intensity or soil properties into the
PCA-RF framework to bolster model robustness and
applicability across diverse basins.

Study limitations

This study was conducted under the assumption that
hydrometric station data provide the most reliable
source for assessing flood response in the study area.
Land cover was considered the sole factor affecting
flood variations to rapidly determine the influence of
different land cover classes on flood generation, while
other hydrological parameters, such as soil infiltration
capacity changes, were not incorporated. It should be
noted that errors in hydrometric flood data, which are
common in Iran, may be more pronounced in certain
subbasins such as the Galikesh subbasin, contribut-
ing to model inaccuracies beyond our control. This
approach aims to assist decision-makers in identify-
ing which land cover class changes have the most sig-
nificant impact on flooding in their respective regions.

Another limitation of this study is related to the
limited availability of direct rainfall data suitable
for consistent integration into the analysis. Because
long-term and spatially homogeneous precipitation
records were not available across the entire study
area and because one of the primary objectives of the
study was to investigate the relationship between land
cover changes and flood response without explicitly
modeling the rainfall-runoff process, the hydrologi-
cal assessment was primarily based on observed flood
discharge data from hydrometric stations. Within this
framework, the analysis was designed to emphasize
the relative influence of land cover changes on flood
behavior under broadly comparable hydrological
conditions, rather than to isolate rainfall-driven vari-
ability. Although this approach may introduce some
uncertainty in peak discharge estimation, particularly
during extreme events that are sensitive to rainfall
intensity, duration, and spatial variability, the results
remain robust for comparative evaluation of land
cover effects. Accordingly, the estimated peak dis-
charges should be interpreted as relative indicators of
flood response, with appropriate consideration of the
potential influence of unaccounted rainfall variability.

Furthermore, the reliance on NDVI-based clas-
sification introduces seasonal dependencies, as veg-
etation indices vary throughout the year. All satellite
images were selected from the same month (Octo-
ber) in different years to minimize seasonal varia-
tions. Nevertheless, the NDVI remains sensitive to
climate fluctuations, which may have influenced
vegetation growth in specific years, such as 2009. In
addition, possible shifts in the onset of seasons—for
example, earlier leaf senescence occurring during
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summer instead of autumn—could lead to signifi-
cant NDVI differences between years, even within the
same month of observation. Additionally, differences
in sensor characteristics may have contributed to
observed variations, as the 2009 image was captured
by Landsat 5, which has different spectral responses
compared to newer Landsat missions. The use of
Landsat 7 for that year was not feasible due to uncor-
rectable image distortions in the study area.

Potential classification errors due to satellite image
resolution and processing algorithms may also intro-
duce uncertainties in land cover identification. Addi-
tionally, the absence of field data for validating cer-
tain findings represents a limitation that, if addressed
in future studies, could further enhance model
accuracy.

Another limitation is related to the short and non-
contiguous nature of the available time series data.
The relatively limited temporal coverage and gaps
between observation years restrict the ability to fully
capture continuous land cover dynamics and hydro-
logical responses. This discontinuity reduces the
robustness of trend analysis and may obscure inter-
mediate changes, which should be considered when
interpreting the results.

Despite these limitations, the study provides a
structured framework for analyzing the relationship
between land cover changes and flood generation,
offering valuable insights for flood management and
mitigation strategies. It is recommended that future
studies consider incorporating additional variables
alongside vegetation cover to improve model accu-
racy and better capture the complex dynamics influ-
encing flood variations.

Concluding remarks

This study evaluated the important and effective
role of changes in land cover classes in affecting the
annual instantaneous peak discharge in the basin
and subbasins upstream of Golestan Dam, Iran. A
novel approach that integrates PCA and RF regres-
sion was applied in this work to analyze and predict
flood response in several interconnected subbasins
despite limitations in data quantity and a limited
time frame. The analysis revealed that urban and
barren lands were the dominant contributors to peak
discharge in some subbasins, while thin vegetation

@ Springer

had the strongest influence in others. Dense vege-
tation generally played a mitigating role by reduc-
ing flood peaks. The effects were not uniform, with
some subbasins showing a more balanced influence
of different land cover classes and others being
strongly dominated by a single type. These findings
confirm that (1) land cover changes have a signifi-
cant and measurable effect on flood peaks, (2) the
nature and strength of this effect vary from one sub-
basin to another, and (3) the integrated PCA-RF
approach is effective in capturing these spatially
variable relationships despite data limitations.

The integration of remote sensing data, GIS, and
advanced machine learning techniques was instru-
mental in obtaining this paper’s results. Moreover,
our findings emphasize the importance of monitor-
ing LULC changes for sustainable resource man-
agement and disaster mitigation. From a methodo-
logical perspective, future research can benefit from
refining the PCA-RF integration by incorporating
longer time series, higher-resolution imagery, and
complementary hydrological variables (e.g., soil
infiltration capacity, rainfall intensity) to enhance
model robustness and transferability.

For practical application, the insights from this
study can guide flood risk management in other
basins by identifying the most sensitive land cover
types and prioritizing vegetation restoration or
urban runoff control measures according to local
conditions. Such adaptation of the framework will
allow policymakers to target interventions where
changes in LULC have the highest hydrological
impact.

Furthermore, this methodology can be extended
by integrating additional datasets such as climate
projections, socioeconomic land use scenarios, or
finer-scale DEM data, enabling the prediction of
flood responses under future environmental and
developmental changes. This will help build adap-
tive strategies for basin-wide flood mitigation and
water resource planning.

This research provides a framework and insight
for understanding the complex interactions between
land cover dynamics and hydrological responses.
Finally, it provides valuable insights for policymak-
ers and land managers with the aim of developing
strategies for flexibility and adaptation in the face of
environmental changes.
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