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A B S T R A C T   

Riverbank erosion is one of the most catastrophic hazards that renders floodplains vulnerable across the world 
vulnerable. It creates a significant negative impact on the environment and socio-economic life. This paper at
tempts to assess the landscape ecological vulnerability (LEV) to riverbank erosion in the Middle Brahmaputra 
floodplains of Assam, India by employing two machine learning models, namely artificial neural network- 
multilayer perceptron (ANN-MLP) and random forest (RF). Bagging ensembles were created for both ANN- 
MLP and RF (B-MLP and B-RF) to generate LEV zones. A total of eleven site-specific parameters were consid
ered for the study. The receiver operating characteristic (ROC) based area under curve (AUC), accuracy, pre
cision, recall and F1-score were used to validate the models and judge the models’ performance. A sensitivity 
analysis was performed to deduce the most influential LEV parameters. The results revealed that B-MLP was the 
better-performing model compared to B-RF based on all five validation metrics. The largest area was found under 
very high vulnerability zone followed by very low, low, high and moderate vulnerability zones, based on both 
ensemble models. The western part of the floodplains was found to be more vulnerable than the eastern part. 
Moreover, the southern bank faced more vulnerability in comparison to the northern bank. The factors namely 
rainfall, soil type, vegetation and land /use land cover (LULC) influenced bank erosion vulnerability. This 
research provides evidence that the study area is under severe threat to riverbank erosion and urgently requires 
the implementation of effective mitigation measures. The study might benefit policymakers and local stake
holders to protect the floodplains from bank erosion and reduce vulnerability.   

1. Introduction 

Riverbank erosion is a hydrological hazard which has created severe 
ecological and socio-economic implications for centuries (Das et al., 
2014). It is caused when the basal sediments of the banks are removed 
due to the hydraulic pressure exerted by the river and the nature of the 
bank composition (Ghosh & Sahu, 2018). Factors such as river 
discharge, the quantity of sediment, stream slope, the velocity of the 
river and the presence of vegetation regulate the process of riverbank 
erosion (Ahmed et al., 2018). Climate change, anthropogenic activities 
and the growth of population have further increased the impact of 

riverbank erosion in the floodplains. Rivers erode their banks laterally in 
the middle and lower courses due to a decrease in river velocity and 
gradient (Dey & Mandal, 2019). The process of lateral erosion is pre
dominantly observed in floodplains having low-lying flat surfaces which 
are composed of easily erodible sediments. Floodplains are inhabited by 
millions of people due to the suitable topography for habitation and the 
availability of fertile soils for agriculture. Though they are also rich in 
biodiversity and maintain numerous ecosystem services, still they face 
the threat of erosion by rivers and are regarded as one of the most 
vulnerable landscapes to riverbank erosion (Hazarika et al., 2015). 

Riverbank erosion has led to drastic changes in the ecology of 
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landscapes. It has affected land use/land cover (LULC) across the world 
(Freihardt & Frey, 2023). This was evident from the migration of the 
rivers in the Southern Pannonian Basin wherein cultivable land, vege
tation, gravel excavations and depots, pastures and meadows were lost 
to bank erosion (Dragicevic et al., 2013). Along the Topl’a River in 
Slovakia, erosion of large areas of arable land, shrubs, forests, pastures 
and grasslands altered the landscape ecology and also caused substantial 
economic losses (Rusnák et al., 2016). The migration of the Kolubara 
River eroded many parcels of agricultural land and radically changed 
the LULC scenario of the basin it drained (Dragicevic et al., 2017; 
Roksandic et al., 2011). The river Nile has washed away agricultural 
lands through lateral erosion which in turn reduced the agricultural 
production of the area (Ahmed & Fawzi, 2011). The Torsa River heavily 
eroded the Duar and Tal regions along the Himalayan foothills leading to 
modifications in LULC (Dey & Mandal, 2019). Channel shifting has 
resulted in a decrease in the area under sparse vegetation in Mur
shidabad, West Bengal from 1990 to 2010 (Ghosh & Sahu, 2019). 
Similarly, negative change was observed for vegetation along the Padma 
and Mahananda rivers due to riverbank erosion from 1973 to 2016 and 
1991 to 2019 respectively (Arefin et al., 2021; Chakraborty and Saha, 
2021). Bhunia et al. (2016) considered bank erosion as a major driving 
force which has altered the LULC dynamics along the Ganges in Bihar. 
Debnath et al. (2017) found that the Khowai River in Tripura eroded 
considerable areas of agricultural land and reduced the swamps which 
disturbed the ecology of the area. Similar erosion of croplands and 
consequent creation of sandbars was noticed along the Ganga and 
Balasan rivers in West Bengal (Biswas & Anwaruzzaman, 2019; Das 
et al., 2021). Reduction in vegetal cover and wetlands was also reported 
in the Lower Ganga Plain due to the erosion caused by the Bhagirathi 
River (Paul & Bhattacharji, 2022). Riparian vegetation and floral species 
were drastically reduced in the São Francisco River Basin in Brazil due to 
riverbank erosion (Holanda et al., 2005). Negative impacts on flora, 
fauna and fisheries were also identified in Harirampur, Bangladesh 
wherein the quantity of fish harvest dwindled at a speedy rate (Bhuiyan 
et al., 2017). 

The LULC along the Brahmaputra River also experienced changes. 
The area under natural grasslands and forests has decreased because of 
an increase in population and loss of land to riverbank erosion (Saikia 
et al., 2019). Pathan et al. (2021) arrived at similar conclusions 
regarding LULC changes in Majuli which recorded a reduction in 
forested lands and an increase in barren areas between 1973 and 2019. 
Riverbank erosion also rendered the wetlands, biodiversity and the 
socio-cultural foundations of the riverine island vulnerable (Sarkar, 
2017; Sarma, 2014). Riparian erosion has created an imbalance in the 
ecosystem by endangering aquatic life and avian habitats. Bank erosion 
has destroyed forests which encompassed wildlife habitats and animal 
corridors (Dutta & Chakraborty, 2013). The erosion of lands by the 
Brahmaputra River forced people to illegally occupy protected forests 
causing deforestation and environmental deterioration (Das et al., 
2014). Bank line shifting of the Subansiri, a tributary of the Brahma
putra in Assam, eroded large proportions of forested lands, bamboo 
cultivation and swampy areas and altered the environmental equilib
rium of the area (Guite & Bora, 2016). 

Landscape ecology is conceptualized as the pattern and interaction 
among and between different ecosystems and their impacts on ecolog
ical functions (Clark, 2010). It is a relatively new concept which 
emerged during the late 20th century in North America and Eastern and 
Central Europe (Simmons, 2004). It is a modern scientific outlook that is 
applicable to a wide array of ecological and social studies (Wu, 2019). 
Burel et al. (2013), Pearson (2020) and Kremsa (2021) equated land
scape ecology with agriculture. Pearson (2013) showed the association 
of landscape ecology with population dynamics. The ecosystems are 
largely impacted by various ecological hazards (Walz et al., 2021). 
Several studies have been conducted to assess ecological vulnerability to 
different hazards. Roshani et al. (2022a), Roshani et al. (2022b) worked 
on inherent forest vulnerability in Darjeeling, West Bengal using the 

analytical hierarchy process (AHP) method. Flood susceptibility map
ping was done by Hammami et al. (2019) for Tunis by applying AHP. 
AHP was also used by many other researchers to analyse vulnerability to 
various disasters (Chen et al., 2021; Mallick et al., 2018; Mondal et al., 
2021; Rakotoarison et al., 2021; Tempa, 2022). In recent years, machine 
learning techniques have assumed great importance in vulnerability and 
risk assessment studies. Machine learning algorithms were applied for 
evaluating vulnerability to various disasters like droughts, landslides 
and cyclones (Azarafza et al., 2021; Hussain et al., 2022; Saha et al., 
2021a, Saha et al., 2021b; Saha et al., 2023; Szczyrba et al., 2021). 
Deroliya et al. (2022) used decision tree (DT), random forest (RF), and 
gradient-boosted decision trees (GBDT) for studying flood susceptibility 
in the lower Mahanadi Basin in India. Bagging ensemble (BE), logistic 
model tree (LT), kernel support vector machine (k-SVM), and k-nearest 
neighbour (KNN) were applied by Al-Areeq et al. (2022) for flood 
zonation mapping in Jeddah, Saudi Arabia. Likewise, vulnerability to 
urban flash floods was examined using machine learning algorithms 
namely Bayesian logistic regression (BLR), artificial neural networks 
(ANN) and deep learning neural networks (DLNN) for Warsaw, Poland 
(Parvin et al., 2022). Though a large body of research on landscape 
ecology and ecological vulnerability has been conducted, landscape 
ecological vulnerability (LEV) is less explored. Some studies on land
scape ecological risk assessment have been carried out (Ai et al., 2022; 
Gao & Song, 2022; Liu et al., 2020; Yan et al., 2021; Zhang et al., 2013). 
However, LEV to disasters, particularly riverbank erosion, is scarce in 
the existing literature. Yu et al. (2022) conducted an LEV study in the 
Three-River-Source National Park Region (TNPR) to analyse the spatio- 
temporal evolution of TNPR’s LEV and the parameters influencing it. 

The present study makes an attempt to assess LEV to riverbank 
erosion in the Middle Brahmaputra floodplains of Assam in India. The 
ecological vulnerability assessment is in its embryonic stage and needs 
further exploration. Thus, this paper aims to bridge this research gap by 
assessing LEV to riverbank erosion by evaluating the impact of various 
parameters on bank erosion vulnerability. The use of machine learning 
techniques has gained significant momentum, especially during the past 
few years for being accurate and efficient. This study makes use of two 
machine learning algorithms, artificial neural network-multilayer per
ceptron (ANN-MLP) and random forest (RF) for assessing LEV to river
bank erosion. Various scholars have utilized machine learning 
algorithms on ecological modelling for hazards like drought, flood and 
landslides (Ado et al., 2022; Masroor et al., 2023; Saha et al., 2021a, 
Saha et al., 2021b). These studies have found machine learning algo
rithms as one of the most reliable methods for relevant evaluation. 
However, literature on landscape ecological vulnerability to riverbank 
erosion using machine learning is scant. Thus, we explored the effec
tiveness of MLP and RF algorithms for analyzing landscape ecological 
vulnerability. These models are widely used for ecological modelling 
(Park & Lek, 2016; Shichkin et al., 2018). Further, bagging ensembles 
were developed for ANN-MLP and RF (B-MLP and B-RF) to prepare LEV 
zones. The ensemble models have advantages over single models and 
yield higher accuracy (Ado et al., 2022). The results of the receiver 
operating characteristic (ROC) curve, accuracy, precision, recall and F1- 
score revealed high levels of accuracy for both models. The ensemble 
models may be utilized for ecological modelling for similar research 
domains. 

2. Study area 

The Middle Brahmaputra floodplains in Assam spread over an area of 
7294.85 km2. It is located between 26◦11′3″ N and 26◦58′24″ N latitudes 
and 91◦52′14″ E and 93◦53′16″ E longitudes (Fig. 1). It is drained by one 
of the largest rivers in the world, the Brahmaputra River, which origi
nates in the Kailash ranges of the Himalayas in Tibet at a height of 5300 
m above sea level (Water Resources, 2023). The Brahmaputra River 
carries a huge amount of silt and forms an extensive braiding pattern 
when it enters the plains. The Brahmaputra meanders its way through 
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the plains and develops an expansive drainage network which is 
representative of dendritic and trellis drainage patterns. The river ex
hibits a dichotomic behaviour as it is called the ‘lifeline of Assam’ as well 
as the ‘sorrow of Assam’. It sustains the ecological, economic and socio- 
cultural life of Assam but also causes massive destruction by causing 
floods and bank erosion. Assam has recorded an annual loss of $20 
million as a result of riverbank erosion and about 7 % of land has been 
lost during the last 50 years (ADB, 2009). 

The Brahmaputra River stretches 250 km in the floodplains. Its left 
bank tributaries include Kolong and Kopili whereas Jia Bharali River is 
its right bank tributary. The floodplains are located in a tectonically 
volatile region. The area is underlain with hard crystalline rocks dating 
back to the pre-Cambrian era (Kumar et al., 2020; Rajmohan & Pra
thapar, 2013). The floodplains experience a humid climate. The mean 
annual rainfall in the study area is around 2500 mm. The average annual 
minimum and maximum temperatures are 16 ◦C and 39 ◦C respectively. 

The study area is spread over six districts namely Nagaon, Morigaon, 
Golaghat, Darrang, Sonitpur and Biswanath. The world heritage site of 
Kaziranga National Park along with other reserves namely Laokhowa 
Wildlife, Pobitora Wildlife and Orang National Park Sanctuaries are also 
located in the study area. The tree species namely sal, Lagerstroemia, 
Ficus and Terminalia of moist deciduous forest are commonly found in 
the study area (Environment and Forest, 2023). It is also home to 
numerous animals, birds, insects and aquatic life like the one-horned 
rhinoceros, spotted deer, swamp deer, swamp buffaloes, royal Bengal 
tiger, bush quail, longbilled vulture, etc. Wetlands are also found like 
Batha Beel in the floodplains. This study area has an estimated popu
lation of over 3 million (Census of India, 2011). The Brahmaputra River 
which carries a large volume of water inundates the floodplains during 
monsoon season and causes severe bank erosion and channel shifting. 
However, when the river retreats during the dry months, it displays a 
unique braided pattern. Various temporary islands and channel bars are 
found within the braided channels. Some of these riverine islands are 

permanently inhabited islands. 

3. Methodology 

The LEV map for the Middle Brahmaputra floodplains was prepared 
using eleven site-specific parameters namely mean monthly rainfall, 
normalized difference vegetation index (NDVI), soil type, vegetation 
type, LULC, slope, geomorphology, distance from river, elevation, bio
logical richness and disturbance index (Fig. 2, Table 1). These parame
ters were selected on the basis of prior information on the study area and 
after conducting a comprehensive literature review (Nath & Medhi, 
2021; Pareta et al., 2019; Sarkar, 2017; Sarma, 2005). The machine 
learning algorithms of ANN-MLP and RF were integrated with the 
technique of bagging to create ensembles (B-MLP and B-RF) which were 
employed for assessing LEV to riverbank erosion. The models were 
validated through the receiver operating characteristic (ROC) curve. 
Furthermore, sensitivity analysis was conducted based on the better- 
performing model to ascertain the dominant factors of LEV to river
bank erosion. The mapping unit of the study area was a 30 m spatial 
resolution grid. Fig. 3 shows the detailed methodology followed for the 
present study. 

3.1. Rationale for selection of parameters 

Rainfall is considered one of the major factors causing riverbank 
erosion (Chakraborty & Saha, 2022; Naimah & Roslan, 2015; Yusoff & 
Abidin, 2023). High rainfall leads to an increase in the water level of 
rivers which causes erosion along the rivers (Ross et al., 2019). The 
average annual rainfall of the study area exceeds 2500 mm which makes 
it essential to consider rainfall as a primary factor causing bank erosion. 
The mean monthly rainfall map was prepared based on gridded data 
obtained from the India Meteorological Department (IMD) using the 
inverse distance weighting (IDW) method. NDVI and LULC were made 

Fig. 1. Location of study area.  
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Fig. 2. Parameters for assessing landscape ecological vulnerability: a) Rainfall b) Land use land cover c) NDVI d) Soil type e) Elevation f) Slope g) Distance from 
river h) Biological richness i) Disturbance index j) Vegetation type k) Geomorphology. 

Table 1 
Parameters used for assessment of landscape ecological vulnerability to river
bank erosion.  

Parameters Source of data Data 
type 

Resolution 

Rainfall Indian Meteorological 
Department (IMD) 

Raster 30 m spatial 
resolution 

Land use land 
cover 

Landsat 8 OLI Raster 30 m spatial 
resolution 

NDVI Landsat 8 OLI Raster 30 m spatial 
resolution 

Soil type Central Ground Water Board 
(CGWB) 

Vector 1:50,000 

Elevation SRTM DEM (USGS) Raster 30 m spatial 
resolution 

Slope SRTM DEM (USGS) Raster 30 m spatial 
resolution 

Distance from 
river 

Authors’ own computation Raster 30 m spatial 
resolution 

Biological 
richness 

Biological Information 
System (BIS) 

Raster 30 m spatial 
resolution 

Disturbance index Biological Information 
System (BIS) 

Raster 30 m spatial 
resolution 

Vegetation type Biological Information 
System (BIS) 

Raster 30 m spatial 
resolution 

Geomorphology Bhukosh, Geological Survey 
of India (GSI) 

Vector 1:250,000  

Fig. 3. Methodological flowchart.  
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on Google Earth Engine using Landsat 8 OLI satellite images. NDVI re
flects the health and density of vegetal cover. A healthier vegetation 
would hold the soil better resulting in increased soil stability. It is 
calculated as: 

NDVI =
NIR − Red
NIR + Red

(1)  

where NIR is near infrared band and Red is red band. Changes in LULC 
impact the hydrological nature of an area and intensify erosion, thereby 
making it an important parameter for vulnerability assessment (Pra
shanth et al., 2023). The soil type map was obtained from the Central 
Ground Water Board district profiles and refurbished according to the 
need of the study using the ArcGIS software. The type of soil plays an 
important role in the erodibility of bank materials (Bhowmik, 2018). 

Biological richness, Vegetation types and disturbance index maps 
were prepared based on the data obtained from BIS, Indian Institute of 
Remote Sensing, India. The types of vegetation were identified in 
accordance with Champion and Seth’s (1968) classification through 
ground control points (GCPs) and visual interpretation (Roy et al., 2012; 
Roy et al., 2015). Riverbank erosion is strongly related with vegetation. 
The changes in shear stress are caused due to presence of vegetation 
(Gholami & Khaleghi, 2013). Vegetation with stronger and deeper roots 
tends to hold the soil better and reduces the chances of erosion. Thus, the 
type of vegetation has the potential to determine the level of erodibility 
of the different areas. Uniqueness, richness and relevance of species, 
ecosystem uniqueness, the value of biodiversity, disturbance, and 
terrain attributes were used to create biological richness spatial layer 
(Behera et al., 2005, Behera & Roy, 2010). Biological richness helps in 
demarcating areas with species abundance and the conservation of such 
areas (BIS, 2020). Disturbance index was determined by combining 
matrices like porosity, fragmentation, interspersion and juxtaposition. 
Probabilistic weightage was assigned to the indicators by applying linear 
combination method to create this spatial layer (Roshani et al., 2022a, 
Roshani et al., 2022b). It is effective in identifying the disturbance 
created by human-induced activities on the landscape and ecosystem. 

Shuttle radar topography mission digital elevation model (SRTM 
DEM) was utilized for preparing slope and elevation maps. Slope is a 
significant factor that needs consideration while assessing vulnerability 
to riverbank erosion (Macfall et al., 2014). Similarly, elevation also 
plays an active role in ascertaining the degree of vulnerability to bank 
erosion. The regions of higher elevation would have a lesser possibility 
of erosion than the low-lying areas (Saikia & Goswami, 2020). 

The geomorphology map was derived from the Geological Survey of 
India’s digital database portal of Bhukosh. The study area is divided into 
seven geomorphological units namely flood plain, alluvial plain, pedi
ment pediplain, moderately dissected hills and valleys, highly dissected 
hills and valleys, river and other water bodies. The geomorphological 
setup of an area would determine its erodibility wherein the newer 
floodplains formed with loose and unconsolidated silt are likely to get 
easily eroded. Distance from river was calculated using the Euclidean 
distance method in ArcGIS. The area closest to the river would have a 
higher risk of getting eroded compared to the regions located farther 
away from the river (Singha et al. 2020). 

3.2. Riverbank erosion inventories 

In order to prepare LEV modelling, a collection of historical river
bank erosion events is needed. Riverbank erosion vulnerability zones 
were created on the basis of past bank erosion and its conditioning 
factors. It is essential to generate riverbank erosion inventories to train 
and evaluate the model. The current study identified the locations of 
riverbank erosion with the help of data generated from field survey and 
government report. Global positioning system (GPS) and Google Earth 
were used to select 260 bank erosion-prone sites. Of the total number of 
selected sites, 208 sites (80 %) were used to create training datasets 

whereas the other 52 sites (20 %) were utilized for creating testing 
datasets. This selection was done on a random basis. Since the present 
study relied on classification-dependent bank erosion mapping that in
cludes binary data, areas not vulnerable to bank erosion were also 
marked. The same number of negative points could be used to obtain 
satisfactory results (Tang et al., 2020). Therefore, 200 sites which are 
not prone to erosion were also chosen randomly which included 160 
training and 40 testing datasets. The ratio of training to testing datasets 
in both cases was 80:20. 80 % of all bank erosion and non-bank erosion 
sites were used to determine training datasets. Binary training datasets 
were created by assigning 0 value to bank erosion points and 1 to non- 
bank erosion points. Similarly, testing datasets were generated in a bi
nary pattern. Further, data was extracted from riverbank erosion con
ditioning factors for training the models. 

3.3. Multicollinearity test 

LEV to riverbank erosion was assessed on the basis of eleven pa
rameters. It is necessary to examine the collinearity of the selected pa
rameters for determining vulnerability since machine learning functions 
are affected by collinearities wherein the accuracy of the assessment is 
reduced (Alqadhi et al., 2021). Running a multicollinearity test ensures 
that the redundant factors are filtered out (Talukdar et al., 2020). 
Tolerance and variance inflation factor were used in estimating multi
collinearity among the chosen parameters which are calculated as. 

T = 1 − r2 (2)  

VIF = 1/T (3)  

where T is tolerance and VIF is variance inflation factor. If the value of 
VIF is more than 10 and T is less than 0.1, it suggests a multicollinearity 
issue (Saha et al., 2017; Saha et al., 2021a, Saha et al., 2021b. Collin
earity and VIF are directly proportional to each other, that is, higher 
collinearity would mean a bigger VIF. In the present study, no collin
earity was found among the variables. Hence, none of the parameters 
was excluded from the vulnerability analysis. 

3.4. Machine learning methods 

In the present study, two machine learning techniques were used 
namely artificial neural network-multilayer perceptron (ANN-MLP) and 
random forest (RF). Bagging algorithms for MLP and RF were created by 
integrating ANN-MLP and RF. 

3.4.1. Artificial neural network-multilayer perceptron (ANN-MLP) 
ANN is a machine learning approach and was developed on the basis 

of the working of a human brain (Saha et al., 2021a, Saha et al., 2021b). 
It is inspired by a complex interconnectedness of neurons joined 
together by several nodes. MLP is an intrinsic constituent of ANN which 
has been employed for various hazard modelling (Alqadhi et al., 2022a, 
Alqadhi et al., 2022b). It is inclusive of three elements, that is, input, 
hidden and output layers (Masroor et al., 2023; Park & Lek, 2016). The 
neurons gather inputs, process and transfer the result further onto 
another network. This leads to a one-directional passage of data from the 
input layer to the hidden layer to the output layer (Khatun et al., 2021). 
Non-linear combinations input variables and the training data were 
utilized in MLP for creating the ecological model. 

3.4.2. Random forest (RF) 
Random forest (RF) is a non-parametric machine learning method 

that relies on decision trees. Apart from prediction and time series 
forecasting, it is used for classification purposes (Polikar, 2012; Qiu 
et al., 2017; Saha et al., 2021a, Saha et al., 2021b). The current study 
used RF for evaluating LEV to riverbank erosion. Training data from the 
original dataset was randomly selected and used to develop the model 
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for the present study. The execution of various models is supported by 
the enhancement of the attributes of the model. Decision trees are 
created by RF wherein every tree is built by using the bootstrap training 
samples (Breiman, 2001). The parameters and number of decision trees 
to be chosen and assessed must be predetermined. The expansion of the 
trees aids in reducing classification errors. Eventually, the final outcome 
was created by integrating the outcomes of the classification of all de
cision trees. RF can effectively manage huge datasets and precisely 
ascertain the importance of parameters (Roshani et al., 2022a, Roshani 
et al., 2022b). It is also relatively less affected by multicollinearity and 
can cope with missing and skewed data (Mahato et al., 2021). 

3.4.3. Bagging 
MLP and RF were integrated with bagging for creating ensembles of 

bagging-MLP and bagging-RF (B-MLP and B-RF) for modelling LEV to 
riverbank erosion. Firstly, a bagging algorithm was used for enhancing 
the training datasets, followed by the use of base classifier for classifying 
riverbank erosion vulnerability. The final model was created by 
employing bootstrap sampling from the training data and integrating 
base classifiers (Breiman 1996). This method generates bootstrap sam
ples by considering the training datasets wherein some samples are 
emulated and few are replaced (Saha et al., 2022). The bootstrapped 
sub-datasets (bootstrap samples) were utilized to construct based 
learners. Further, the majority voting strategy is used to combine the 
learners. The WEKA software was used to construct the B-MLP and B-RF 
models. The parameters optimization of the utilized machine learning 
ensembles is presented in Table 2. 

3.5. Accuracy assessment 

The ROC-based AUC, accuracy, precision, recall and F1-score using 
positive and negative sample sets were utilized to assess the perfor
mance of the applied models. These popular metrics are used for 
assessing model accuracy (Liao et al. 2022). The ROC curve is a 
graphical representation that illustrates the performance of a binary 
classification model. Positive samples were selected from the predicated 
model and where LEV actually occurred while negative sample sets were 
selected from the predicated model and where LEV was not found. 
Higher ROC values reflect a better-performing model (Liu et al. 2023; 
Masroor et al., 2023). The area under the curve (AUC) of the ROC curve 
exhibits the goodness of fit and expresses the accuracy of the models 
(Mahato et al., 2021). Generally, the AUC value is between 0 and 1. The 
value of 1 is the marker of a precise analytical test whereas 0 identifies 
the result as wrong. The values of AUC were grouped into five categories 
by Rasyid et al. (2016) as excellent (0.9–1.0), good (0.8–0.9), fair 
(0.7–0.8), poor (0.6–0.7) and fail (0.5–0.6). For computing the ROC 
curve, sensitivity is plotted on the Y-axis and specificity along the X-axis. 
Sensitivity indicates false positive and specificity shows false negative. It 
was derived as: 

Sensitivity =
TP

(TP + FN)
(4)  

Specificity =
TN

(TN + FP)
(5)  

Accuracy is the ratio of the precisely identified pixels to the total pixels. 

Precision refers to the ratio of the accurately identified positive pixels to 
the total identified positive pixels. Recall is the ratio of accurately 
classified positive pixels to all pixels in a category. F1-score is derived 
using the harmonic mean of recall and precision. These metrics deliver a 
thorough assessment of the model’s performance (Kilichev & Kim 2023; 
Liao et al. 2022). The metrics are calculated as follows: 

Accuracy =
TP + TN

TP + TN + FP + FN
(6)  

Precision =
TP

TP + FP
(7)  

Recall =
TP

TP + FN
(8)  

F1 − score =
2Precision*Recall
Precision + Recall

(9)  

where TP represents the true positive, TN represents the true negative, 
FP indicates the false positive and FN indicates the false negative. The 
appropriately classified positive and negative pixels into positive and 
negative categories are represented by the TP and the TN while the 
incorrectly classified pixels are shown by the FP and the FN. 

3.6. Sensitivity analysis 

Sensitivity analysis was carried out for the model which delivered 
the best results. To understand the relevance of the factors in spatial and 
numerical terms, the model was run over and over by cumulatively 
excluding the factors. For instance, there are a total of eleven parameters 
(P1, P2……P11). For conducting sensitivity analysis, the first parameter, 
P1, was excluded and the model was run by considering only the 
remaining ten parameters. Similarly, two parameters, P1 and P2 were 
excluded in the next step and so on. All the parameters were excluded in 
consecutive steps until the last model was run with only one parameter, 
P11. The AUC value is calculated for each of these models and then 
compared with the AUC value of the model which was generated using 
all the parameters. Those cases where the removal of a parameter 
created the maximum difference in the AUC could be regarded as the 
dominant determining attribute of vulnerability. 

4. Results 

4.1. Assessment of landscape ecological vulnerability to riverbank erosion 

Two machine learning techniques viz., B-MLP and B-RF were used to 
assess LEV of the study area to riverbank erosion (Fig. 4). A multi
collinearity test was conducted to filter out the unnecessary parameters 
since collinearity among the variables leads to poor performance of the 
machine learning models. Tolerance and VIF were calculated for each of 
the 11 parameters (Table 3). LULC had the lowest VIF value (1.38) while 
disturbance index had the highest VIF value (5.91). It was found that 
none of the 11 factors were influenced by collinearity and all the 11 
parameters could be used to assess LEV to riverbank erosion. Five classes 
of vulnerability (very high, high, moderate, low and very low vulnera
bility) were created for each model. Table 4 shows the area (in per cent 
and km2) under each vulnerability zone. The vulnerability modelling 
carried out using B-MLP and B-RF revealed that the maximum area of 
the floodplains was very highly vulnerable to riverbank erosion. The B- 
MLP ensemble model measured the largest area under very high 
vulnerability (28.04 %) followed by very low (23. 54 %), low (17.55 %), 
high (16.81 %) and moderate (14.07 %). Similar results of level of 
vulnerability were shown by B-RF, except low and very low categories of 
vulnerability with minor changes. 

The results showed that the southern bank of the river was more 
vulnerable compared to the northern bank. The level of vulnerability 

Table 2 
Parameters optimization of utilized machine learning models.  

Models Description of optimized parameters 

B-MLP Hidden layer-11, Batch size-100, Learning rate-0.3, Seed-5, Momentum- 
0.2, Training time-1.57 s, Normal to binary filter-TRUE, Validation 
threshold-20 

B-RF Batch size-100, Number of iteration-100, Max depth-1, Seed-1, Compute 
attribute importance-TRUE, Calc out of bag-TRUE  
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was reduced with an increased distance from the river. The very highly 
vulnerable areas were located along and within the river channel. The 
area along the river in the south-western part of the floodplains is very 
highly vulnerable to bank erosion. Very high vulnerable areas were also 
located along the north-western part of the study area, however, the 
expanse of very high vulnerable zone was more along the southern bank. 
In the eastern part of the floodplains, very highly vulnerable areas were 
concentrated mostly within the river channel. The highly vulnerable 
areas were located relatively farther away from the river, next to the 
very high vulnerable zone. Similarly, the moderately vulnerable regions 
were located next to the highly vulnerable areas. The majority of the 
areas in the eastern part of the study area have low vulnerability to 
riverbank erosion. Moreover, the fringes of the study area represented 
regions of low vulnerability. 

Fig. 4. Landscape ecological vulnerability zones: a) B-MLP and b) B-RF.  

Table 3 
Multi-collinearity test of different factors.  

Factors Collinearity statistics 

Tolerance VIF 

Rainfall  0.45  2.25 
NDVI  0.43  2.33 
Soil type  0.65  1.54 
Vegetation type  0.23  4.37 
LULC  0.73  1.38 
Slope  0.52  1.93 
Geomorphology  0.56  1.78 
Distance from river  0.60  1.66 
Elevation  0.34  4.24 
Biological richness  0.22  4.47 
Disturbance index  0.23  4.91  
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4.2. Validation of models 

The two models were validated using the ROC curve, accuracy, 
precision, recall and F1-score. Fig. 5 shows the ROC curves for the 
models. The AUC values of the ROC curve indicate the alignment be
tween the models used and the real scenario (Alqadhi et al., 2022a, 
Alqadhi et al., 2022b). The higher the calculated values of the metrics, 
that is, nearer to 1.0, the better the model’s performance (Kilichev & 
Kim 2023; Parvin et al., 2022). The B-MLP had a higher AUC value of 
0.945, followed by B-RF (0.916) (Table 5). If the AUC value is estimated 
to be greater than 0.70, it suggests that the results of the model and 
ground reality are well aligned (Talukdar et al., 2021). In addition to the 
AUC values of the ROC curve, B-MLP also performed better based on the 
values of accuracy (0.864), precision (0.909), recall (0.854) and F1- 
score (0.881). B-RF also recorded excellent accuracy (0.846), precision 
(0.884), recall (0.850) and F1-score (0.867) scores. Both the models 
delivered effective results for analysing LEV to riverbank erosion. 
However, based on the calculated metrics values, B-MLP was found to be 
the better-performing model than B-RF. 

4.3. Sensitivity analysis 

The sensitivity analysis helped in identifying the most and least 
influential factors for LEV to riverbank erosion (Saha et al., 2021a, Saha 
et al., 2021b). The model validation through the ROC curve revealed 
that the B-MLP model performed better than the B-RF model. Hence, 
sensitivity analysis was conducted for B-MLP. A total of 11 parameters 
were chosen for the study, therefore, the model was run 10 times 
wherein, one parameter was excluded at each consecutive step. Fig. 6 
shows the changes in the spatial distribution of riverbank erosion 
vulnerability zones after the exclusion of parameters in a cumulative 
way. The calculation of AUC values indicated the extent to which the 
model was impacted due to the exclusion of the LEV factors (Table 6). 
The analysis showed that rainfall, NDVI, soil type, vegetation type and 
LULC were important factors which determined LEV to riverbank 
erosion. The removal of these factors significantly lowered the level of 
accuracy of the model (AUC: 0.756 to 0.0.853). On the other hand, 
factors like disturbance index and biological richness had a lesser impact 
on LEV. 

5. Discussion 

The Middle Brahmaputra floodplains are highly vulnerable to 
riverbank erosion caused by rainfall, vegetation types, soil types and 
LULC in the study area. The floodplains receive over 2500 mm of rainfall 
on average annually. Higher rainfall leads to more volume of water in 
the river which increases the erosive capacity of the river. Precipitation 
is the main source of water for the Brahmaputra River. The river in
undates its banks due to the occurrence of incessant rains and causes 
severe bank erosion (Singh, 2008). The Brahmaputra transports huge 
quantities of sediments and deposits the silt along its banks. The soils on 
the riverbanks are composed of unconsolidated materials like silt and 
fine sand which are easily erodible (Kataki et al., 2017; Nath & Medhi, 
2021; Sarma, 2005). It was noticed that the vulnerability decreased as 
the distance from the river increased. Riverbank erosion is a function of 
the wearing away of bank materials by the action of running water. It is 
also observed that the areas along the river channel experienced more 
vulnerability as compared with the fringe areas. The western part of the 
floodplains was found to be more vulnerable to bank erosion than the 
eastern part. The very high vulnerable zone was found in a stretch 
extending for 10–12 km from the river in the south-west of the 
floodplains. 

The south-western and north-western parts of the study area along 
the river were very highly vulnerable to erosion. These areas are char
acterized by scattered vegetation and agricultural fields. Low NDVI 
indicated poor health and less density of vegetation in these areas. A 
higher NDVI shows healthier vegetation and vice-versa. Values ranging 
between 0.2 and 0.5 indicate grasslands and shrubs whereas higher 
values between 0.6 and 0.8 show the presence of tropical and temperate 
forests (NASA Earth Observatory, 2000; USGS, 2018). The range of 
NDVI values in the present study was − 0.24 to 0.66. The regions which 
recorded NDVI values less than 0.3 were found to be more vulnerable 
since these regions primarily included shrubs, grasslands and barren 
areas. On the other hand, the forested areas with NDVI values of 0.6 or 
more were less vulnerable to bank erosion. The roots of trees and healthy 

Table 4 
Area under different landscape ecological vulnerability zones.  

Vulnerability zones B-MLP B-RF 

Pixel count Area (%) Area (km2) Pixel count Area (%) Area (km2) 

Very high 2,381,138  28.04  2045.27 2,171,881  25.58  1865.84 
High 1,427,426  16.81  1226.14 1,568,911  18.46  1346.49 
Moderate 1,194,728  14.07  1026.28 1,389,719  16.37  1194.05 
Low 1,490,271  17.55  1280.12 1,726,023  20.33  1482.89 
Very low 1,998,973  23.54  1717.04 1,636,002  19.27  1405.58  

Fig. 5. ROC curve for the landscape ecological vulnerability models.  

Table 5 
Performance of B-MLP and B-RF models.  

Metrics B-MLP B-RF 

AUC  0.945  0.916 
Accuracy  0.864  0.846 
Precision  0.909  0.884 
Recall  0.854  0.850 
F1-score  0.881  0.867  
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vegetation would hold on to the soil more strongly, thereby making the 
area less susceptible to erosion (Holanda et al., 2005). The LULC map 
showed the dominance of croplands and scattered vegetation in the 
study area. The soils are less likely to be eroded due to the absence of 

strong and deep roots of the riparian vegetation. On the other hand, the 
south-eastern parts of the floodplains have higher vegetation moist de
ciduous and swampy forests. The LULC map also showed that south- 
eastern bank consists of dense forest areas. The north-eastern parts 
were dotted with orchards and deciduous trees. These parts are char
acterized by trees namely Dalbergia sissoo, Bombax ceiba, Gmelina 
arborea, Tetrameles nodiflora and Samanea saman, these trees have 
deeper routes which helped the soil to become compact and thus made 
these areas relatively less vulnerable to erosion. This finding is in tune 
with Guha (2021). However, the eastern part of the floodplains is less 
vulnerable to bank erosion compared to the western part since the 
former has a relatively higher elevation. The western part of the study 
area is also prone to more disturbance as revealed by the disturbance 
index. 

The study noted that the southern bank was more vulnerable to bank 
erosion than the northern bank. Saikia et al. (2019) and Sarkar et al. 
(2012) inferred from their studies that riverbank erosion was more 
pronounced along the left bank of the river and the Brahmaputra’s bank 
line was shifting southwards. The southern bank is composed of newer 
alluvium which could be conveniently eroded away and eroded quickly. 
The northern bank has a higher elevation than the southern bank, 
thereby making the left bank more vulnerable to erosion. Some areas, 
though closer to the river, have low vulnerability due to the presence of 
dissected hills containing gneiss and quartzite (Kotoky et al., 2009; 
Sarma & Phukan, 2006). A risk assessment study carried out by Sharma 
et al. (2010) also found that the southern bank was more prone to 

Fig. 6. B-MLP based landscape ecological vulnerability zones post exclusion of parameters of: a) DI b) DI and BR c) DI, BR and Elevation d) DR, BR, Elevation and 
Distance from river e) DI, BR, Elevation, Distance from river and Geomorphology f) DI, BR, Elevation, Distance from river, Geomorphology and Slope g) DI, BR, 
Elevation, Distance from river, Geomorphology, Slope and LULC h) DI, BR, Elevation, Distance from river, Geomorphology, Slope, LULC and VT i) DI, BR, Elevation, 
Distance from river, Geomorphology, Slope, LULC, VT and ST j) DI, BR, Elevation, Distance from river r, Geomorphology, Slope, LULC, VT, ST and NDVI. 

Table 6 
AUC of ROC for sensitivity analysis.  

Factor(s) exclusion AUC AUC departure due 
to exclusion 

DI  0.938  0.007 
DI + BR  0.932  0.006 
DI + BR + Elevation  0.913  0.019 
DI + BR + Elevation + Distance from river  0.881  0.032 
DI + BR + Elevation + Distance from river +

Geomorphology  
0.879  0.002 

DI + BR + Elevation + Distance from river +
Geomorphology + Slope  

0.853  0.026 

DI + BR + Elevation + Distance from river +
Geomorphology + Slope + LULC  

0.803  0.05 

DI + BR + Elevation + Distance from river +
Geomorphology + Slope + LULC + VT  

0.782  0.021 

DI + BR + Elevation + Distance from river +
Geomorphology + Slope + LULC + VT + ST  

0.771  0.011 

DI + BR + Elevation + Distance from river +
Geomorphology + Slope + LULC + VT + ST +
NDVI  

0.756  0.015 

DI = Disturbance index, BR = Biological richness, LULC = Land use land cover, 
VT = vegetation type, ST = Soil type. 
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riverbank erosion. Rainfall, vegetation, soil, elevation and geo
morphology were the major factors that contributed to LEV. The eleven 
parameters used for constructing the B-MLP and B-RF models were 
processed in the WEKA software. This software uses distinct algorithms 
to learn patterns from the data. These algorithms work differently for 
different types of data. The hyperparameters and their characteristics 
were different, thus, the results obtained through both models were 
different. However, the results were close for both models. 

More focus could be laid on those aspects which intensify riverbank 
vulnerability the most and mitigation strategies could be framed 
accordingly. The ‘Molai Kathoni’ model which relies on creating planted 
trees along riverbanks is considered an effective step towards protecting 
lands from getting eroded (Guha 2021). The cultivation of indigenous 

plant varieties like bamboo makes the soil more resilient to bank 
erosion. Construction of embankments and permeable structures like 
cribs and porcupines also help reduce rates of erosion. Other techniques 
like the use of geobags, geotextile tube embankment construction and 
bioengineering would prove beneficial in controlling bank erosion, 
thereby reducing vulnerability. Fig. 7 shows the riverbank erosion sce
nario in the study area and the measures taken to restrict riverbank 
erosion. 

Limitations of the study 
The present study has laid out a comprehensive framework for the 

assessment of LEV to riverbank erosion, however, there exist some 
drawbacks like employing satellite images with moderate resolution, 
utilizing a semi-quantitative approach due to shortage of data and using 

Fig. 7. A) to C) Erosion along the banks of the Brahmaputra D) Porcupines and geobags to protect banks from erosion E) and F) Embankments to secure banks from 
further erosion. 
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lesser bank erosion sites for modelling. Algorithm hyperparameters also 
influenced the performance of the model. Optimization of parameters in 
B-MLP and B-RF models was tuned until optimal results were obtained. 
Thus, this assessment could be further improved if the above limitations 
are overcome. Nevertheless, the methods applied in this study proved 
efficient and could be used by other spatial units for effective assessment 
of LEV to riverbank erosion by adopting indicators relevant to the 
respective study areas. 

6. Conclusion 

The study examined LEV to riverbank erosion in the Middle Brah
maputra floodplains of Assam, India. A total of eleven site-specific in
dicators were chosen for the assessment based on a comprehensive 
review of literature and prior knowledge of the study area. The pa
rameters included rainfall, NDVI, soil type, vegetation type, LULC, slope, 
geomorphology, distance from river, elevation, biological richness and 
disturbance index. Two ensembles of machine learning namely B-MLP 
and B-RF were used for generating LEV to riverbank erosion maps. The 
models were validated using the ROC curve. The ROC curve-based AUC, 
accuracy, precision, recall and F1-score values suggested that B-MLP 
was the better-performing model (AUC = 0.945, accuracy = 0.864, 
precision = 0.909, recall = 0.854, and F1-score = 0.881). The results 
revealed that the largest area of the floodplains based on B-MLP was 
found under the very high vulnerability zone (28 %) followed by very 
low (23 %), low (17 %), high (17 %) and moderate (14 %) vulnerability 
zones. The western part of the study area was more vulnerable to 
riverbank erosion than the eastern region. Moreover, the southern bank 
of the river was relatively more prone to bank erosion compared to the 
northern bank. The sensitivity analysis showed that factors namely 
rainfall, soil type, vegetation type and LULC influenced bank erosion 
vulnerability in this study area. Plantation of trees, embankment con
struction and the use of bioengineering and geotextile technologies 
could be harnessed to protect the banks from further erosion. This study 
may help local stakeholders and conservationists in devising adequate 
measures for managing riverbank erosion. 
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