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Abstract
This study aims to evaluate the causative factors for high bank erosion probability along the left bank of Ganga river in Malda district using binary logistic
regression model. The bank erosion at the outer bend of Ganga in Manikchak and Kaliachak-II blocks during the recession of �ood water in Ganga poses
serious threats to the inhabitants of Diara since the construction of the Farakka barrage. The constriction slowly started a problem of water pilling at the up-
stream of the barrage and extended up to the Bhutni Island (40 km up stream). The seepage mechanism allows the entry of rising �ood water to the banks
and again released when water level recedes gradually and causes bank slumping. In last monsoon (2020), Gopalpur, Jotbhabani Dharampur gram
panchayets of Manikchak block are heavily affected by bank erosion. Total nine causative factors are selected as predictor variables in binary logistic
regression model categorized broadly as vegetation, water and moisture indices, proximity based on river channel and settlement, soil characteristics and
landuse-cover classes. The omnibus test of model coe�cient gives the likelihood ratio (224.433) for the overall model �tting (p value 0.0). The model predicts
correctly 254 sites as low bank erosion (LBE) and 111 sites as High bank erosion (HBE) category with 84.4% and 67.3% accuracy. The soil bearing capacity
signi�cantly expresses highest odds (87.6%) of telling the high probability of bank erosion. The model produces accuracy up to 87.4%.

1. Introduction
The rivers are the lifeline for the survival of mankind on earth. The river operates its normal function of erosion, transportation and deposition in a basin with
respect to a base level. Rivers carry out their lives eroding valleys, transporting sediments and forming �uvial sculptures (Ashmore, 2015; M. Singh et al.,
2020). The hydro-geomorphic functioning of a river has a potent capability of bringing changes in �ow character, erosional-depositional architectures,
sediment and ecological regimes (Das, 2019; Hupp et al., 2009; Sinha & Ghosh, 2012). Floodplains and alluvial rivers have been historically and still are one of
the most attractive places on Earth for human life and agriculture activities (Allan, 2004; Boix-Fayos et al., 2007; Gordon & Meentemeyer, 2006). The
constructions across the rivers bring potential threats to the overall river behavior (M. Biswas & Banerjee, 2018; Tarolli & So�a, 2016). It increases the chance
of sudden changes in the hydraulic geometry of cross sections, depositional character and most importantly the nature of human dependency on rivers
(Ortega et al., 2014; Rudorff et al., 2014; Tipa, 2009). In anthropocene era, the man-made changes are inviting large scale devastations within the �uvial
systems (Downs & Piégay, 2019; Wohl, 2020). River channel changes, such as bank erosion, down cutting and bank accretion, are natural processes for an
alluvial river (Kummu et al., 2008).Bank erosion and channel migration can occur on different timescales (Ahmed & Fawzi, 2011; Bhattacharya et al., 2019;
Dotterweich, 2013; Hooke, 2007; Simon & Collison, 2002). Riverbank erosion is not only in�uenced by climate change, amount of water discharge, type of soil,
hydrological and physiological variation, but also anthropological activities, such as different construction along river, dam construction on river, land-use
change, etc. (Gol�eri et al., 2018; L. Li et al., 2007; S. Roy & Sahu, 2016). River bank erosion is a form of lateral channel expansion as a response to variations
in �uid �ow and sediment discharges. Lateral migration is therefore a process that can cause catastrophic local or regional changes (J. D. Das et al., 2007; J.
D. Das & Saraf, 2007; Pati et al., 2008; Philip et al., 1989; Sinha et al., 2005; Thakur et al., 2012). River Bank shifting is often related to the event where one
bank is forming and the opposite bank is eroding (Gazi et al., 2020). Observing the spatiotemporal morpho-dynamics of a river is very crucial to comprehend
the river behavior (Leh et al., 2013).The river Ganga forms a marshy �ood plain along its course after entering Malda district. As the river passes through
different geomorphic characters in the deltaic region, the river repeatedly adjusts itself which leads to erosion and deposition (Nabi et al., 2016). This region is
the main play�eld of the river and evolved by the successive sedimentation over years and known as Diara. The region covers 1,99,493 hectares and is the
result of river laden siltation in the moribund beds of the older Ganga or Mar Ganga (Debanshi & Mandal, 2014). The prolonged sedimentation and
consolidation process results in to the formation of Bhutni Island in north-western part of Malda. The tract is supposed to turn into waterlogged �at marshy
land considering the old Ganga-Kalindri piracy and mega �ood events (Ghosh & Kar, 2018; Mehebub et al., 2015; Sinha & Sarkar, 2009). Severe �ood �ows of
the river water grind down the bank during the monsoon period whereas in the winter, sandbanks become deposited on the both banks of the river.

The Farakka barrage construction commenced in late 1960s and was commissioned in 1975. Since 1975, the upstream river channel has bifurcated into four
channels which rejoin together before reaching the barrage and has started meandering in the eastern part (Majumdar & Mandal, 2020a; Mazumder, 2004). In
the post barrage period, a deltaic environment suddenly appeared in the upstream part with new adjustment to the arti�cial base level at Farakka (Islam &
Guchhait, 2017; Khatun et al., 2018). It causes the water stagnancy and resultant hydraulic pressure against the river bank along the entire reach which causes
repeated river bank failure through subsidence, slumping, toe erosion etc (Rudra, 2020; Thakur et al., 2012). The seepage mechanism allows the entry of rising
�ood water to the banks and later is released when water level recedes gradually. This process creates many voids in the bank walls and �nally causes bank
slumping. The erodible sandy composition of the left bank increases risk of bank failure. Thus, the river forms large meander bend at the south of Manikchak
block in Malda district. It is a gradual process of the river channel to keep pace with the excess volume of water. The river exhibits a tendency to migrate to
east. As a result, many ‘Charlands’ are emerged along the right bank of it (Chakraborty & Pal, 2020; Ullah et al., 2016). Geomorphologically, four channels have
developed from west to east. After the construction of the barrage, sequential formation of three channels has been observed. Presently the middle channel is
carrying the major �ow but before 2006 the eastern most channels used to carry lion share of total river �ow. The severity of bank erosion also changes with
time here. After 2006, the eastern �ow lost its previous �ow energy and the main �ow started through the central channel (Pal & Pani, 2019; Raj & Singh,
2020). It certainly reduces the high bank erosion at the entire Kaliachak-II and III Blocks (B. Das, 2011). So at present erosion is occurring in that part of left
bank of Ganga where main �ow through middle channel strikes the concave channel wall. The increased potential energy of the river due to rising water level
to the upstream of Farakka barrage is the main cause of accelerated �ood and subsequent river bank erosion through meander migration and stream avulsion
as the �ow has been partially obstructed by the barrage (Mandal, 2017; Thakur et al., 2012). So, bank erosion due to east ward expansion of the channel
within the meander belt remains a problem for the inhabitants reside along the left bank. Many scholars from the �eld of geomorphology have already drawn
the attention of international readers considering this prolonged history of river bank erosion in Malda from various angles viz. (i) using Bank Erosion Hazard
Index (BEHI) & BANCS model (Majumdar & Mandal, 2020a; Ullah et al., 2016), (ii) using PAR model (R. Biswas & Anwaruzzaman, 2019), (iii) using planform
and stream power indices (Majumdar & Mandal, 2020b) and (iv) erosion and LULC dynamicity models (Mandal, 2017; Mondal et al., 2016). In this paper, the
authors tried to tie up all the existing research gaps especially the construction of a lucid and holistic model on identi�cation of bank erosion potentials sites
after 2020 considering–(i) �eld visits (ii) remote sensing data (iii) Geographical Information System (GIS) and (iv)regression model.
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Remote sensing and GIS in combination can be used to capture empirical responses from historical and current morphological shifts in river channel
problems, which would otherwise be challenging to achieve for time and land coverage purposes (Momin et al., 2020). Open-source remote sensing data that
allows the rapid identi�cation of morphological changes and how these affect river channels (Langat et al., 2019). Remote sensing and GIS techniques are
widely used for the quanti�cation of river bank erosion and change detection of riverbanks worldwide. Several studies have assessed channel change by
means of geospatial techniques like time series analysis of different satellite images (Bhuiyan et al., 2017; Dabojani et al., 2014; Downward et al., 1994;
Gurnell, 1997; Magliulo et al., 2016; Marston et al., 1995) in diverse categories of river systems. Remote sensing provides a wide scope of spatial modeling,
simulation and forecasting of these complex dynamic phenomena with greater accuracy and accountability (Nong & Du, 2011). The spatial model assists the
researchers and planners to assess the contemporary issue in hydrological, eco-hydrological modeling and urban planning enables them to predict the
probable consequences of spatiotemporal changes of �ood discharge, landuse-cover with response to runoff, gulley erosion etc (Arabameri et al., 2018;
Mondal & Mandal, 2018) and urban growth (Hamdy et al., 2016; Hou et al., 2019; Mahmoud & Divigalpitiya, 2019; Maithani, 2010; Salem et al., 2019; Sarkar &
Chouhan, 2020). Some popular works on soil erosion risk assessment has been done using empirical models like Universal Soil Loss Equation (Roger et al.,
2020), the Unit Stream Power Based Erosion/Deposition model (USPED) (Mitas & Mitasova, 1998) and physically based models such as the Water Erosion
Prediction Project (Flanagan and Nearing, 1995) (Rawls & Foster, 1987)and the European Soil Erosion Model (Marston et al., 1995; Merritt et al., 2003). While
studying bank erosion in Indian and Bangladesh context, most of the research works gave more emphasize on-channel oscillation (Bag et al., 2019; Rudra,
2014; Sarif et al., 2021), bank line shifting (Aher et al., 2012; Gogoi & Goswami, 2014; Mallick & Mallick, 2016) and morpho-dynamics of rivers within the �ood
plain (Gazi et al., 2020; Nones, 2021; Process et al., 2020). This paper introduces a new angle of identifying potential sites of erosion along a river using
combined application of RS and GIS technology.

In this study, the authors have adopted a new technique of bank erosion potential sites identi�cation combining remote sensing and statistical approach. The
main objective of this paper is to propose a new remote sensing indices and logistic regression based method for identifying potential sites of bank erosion
along the left bank. This modeling has been done by considering nine parameters: i.e., NDVI, Modi�ed NDWI, modi�ed SAVI, modi�ed NDMI, distance to river,
distance to settlements, population density, soil dry density, soil bearing capacity and landuse-cover (LULC) categories. The present study also has the
objectives of �nding the most important causative or driving variable in causing high bank erosion in recent time (2020) using BLR model based on remote
sensing data. The use of remotely sensed data in the modeling approach found to be very useful because- (i) the complex role of riparian vegetation
adjustment with the soil, (ii) �ood inundation (iii) LULC dynamics and (iv) soil characteristics in relation to the bank erosion can easily be included while
framing the model. Most importantly, the combination of remote sensing and GIS approach in the �rst part of the modeling has made the spatial data
extraction process much easier for the analyst.

2. Materials And Method

2.1. The study area
The entire region in Malda district of West Bengal is dominantly low-lying and inundation prone in rainy season every year and receives newer alluvium
technically called as replenishment. So far as relief is concerned the district is divided into three physical units namely Tal, Diara and Barind (Mistri &
Sengupta, 2020). The present study area is highly prone to diluviation and alluviation endeavored by inundations falling within the Diara. Tendering alluviums
are dominantly the product of recent Holocene deposits and loosely strati�ed layers of sands showing interrupted auto-compaction and variegated imprints of
cut and �lls. The study area comprises of �ve community development blocks viz. Manikchak, Kaliachak I, Kaliachak II, Kaliachak III and English Bazar (Fig.
1). Among them Manikchak, Kaliachak I, II and III are most affected by outstanding impacts of erosion and instability of the river bank. The western boundary
of the district is mostly volatile in view of boundary conditions. The sample sites start from Suksena mouza (mouza; smallest administrative block in India)
(Manikchak block) in the upstream and end at Jitmanpur mouza (in Kaliachak-III block) (Figs. 3 & 4). Total 22 mouzas along the left bank of Ganga within a
stretch of 55 km are considered in the study to check high bank erosion probability.

2.2. Determination of model parameters and rationale
The prediction of high bank erosion sites along the main channel of Ganga in 2020 is framed on the basis of some raster interpolated indices on pre-de�ned
equations and �eld-based random sample collection technique (Fig. 2). The selection of driver variables has been �xed on the basis of pilot survey along the
left bank of the main channel from 2019 to 2020 in pre and post monsoon times. The spatial variation of the variables is shown within a linear buffer select 6
kms on both sides of the banks. The selected buffer has been clipped with the adjacent mouzas as area feature. The spatial variation has been shown within
the limit of the buffer superimposing the clipped mouza boundary layer (Fig. 3). It has kept getting idea on the vulnerable mouzas of high bank erosion (Fig.
4). The pixel radiance values are converted to the Top of Atmospheric re�ectance (TOA) corrected bands for Landsat 8 OLI-TIRS sensor data for getting
accurate results of various vegetation and water based indices (Novelli & Tarantino, 2015; D. P. Roy et al., 2016; Vanhellemont, 2020). The selected variables
have been extracted from the interpolated rasters can be classi�ed into three categories viz. vegetation (Bhandari et al., 2012; Gascon et al., 2016), water and
moisture indices rasters (Amani et al., 2016; Bao et al., 2018; Mobasheri & Amani, 2016), proximity rasters (Brennan & Martin, 2012; Demesouka et al., 2013;
Zhang et al., 2015) and �eld collected data based rasters (Table 1). The categorical predictor in the model has been derived from the supervised image
classi�cation (8 LULC classes) based on Landsat 8 OLI-TIRS data (2020) using maximum likelihood algorithm in Arc-GIS 10.2.2 platform. The NDVI and
MSAVI indices (Mukanov et al., 2019) are considered to check the bank erosion vulnerability at barren and vegetated places (Fig. 6a & b). The MNDWI and
NDMI (Fig. 6c & d) are incorporated to know the role of water saturation of bank soil and adjacent �oodplain soil either while causing bank erosion (Othman et
al., 2014; K. V. Singh et al., 2015). The bank erosion along the abandoned channels, cut-off channel, at the margin of wetlands and swamp tracts can be
detected by using MNDWI index. The proximity analysis (Fig. 7a &b) is considered to identify the nearness of main river channel and settlement patches in
causing bank erosion. The population density (Fig. 7c) is considered to check the anthropogenic pressure on the river bank (Misra, 2011; Rahman, 2013;
Verburg et al., 1999). The �eld based operation in measuring Soil dry density and bearing capacity both are testi�ed to have what strength as predictor in
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causing bank erosion (Chen, 2018; Fragaszy & Lawton, 1984; Gallage & Uchimura, 2010; Liu et al., 2019; Oh & Vanapalli, 2013) (Fig. 8a & b). Finally, the
Landuse-cover classes (Fig. 7d) are incorporated in the model as categorical predictor. It reveals the role of changing LULC in aggravating bank erosion or not.

2.3. Explanation of Binary Logistic Regression (BLR) model
In simple linear regression model, the basic assumption is made that the observed data are linearly associated. The assumption is nulli�ed when the
researchers are doing work with categorical data. The logarithmic transformation of the normal data presents a way of expressing a non-linear relationship in
a linear way. The binary logistic regression is pivoted on expressing the multiple linear regression equation in logarithmic form (Midi et al., 2010; Ozdemir,
2011; Pourghasemi et al., 2013). In this regression, the probability of Y is derived from given known values of X1 or multiple Xs. The simplest form of the
logistic regression from which the probability of Y is to be derived is given in the Eq. 1:

P(Y) =
1

1 + e − ( b0+b1X1i )

1
Where, P is the probability of Y occurring, e is the base of natural logarithms, and the other coe�cients are the part of linear combination used in simple linear
regression (b0 is constant, X1 is a predictor variable, b1 is a coe�cient). If one wishes to use several predictor variables, the equation becomes:

P =
1

1 + e − ( b0+b1X1i+b2X2i+ ⋯ +bnXni ) (2)

The values of the equation vary from 0 and 1. The value close to 0 means that Y is very unlikely to have occurred and 1 means that Y is very likely to have
occurred. In logistic regression, the coe�cient (b) attached to every predictor variable (Table 2) is estimated based on maximum likelihood estimator (Gao &
Shen, 2007). It helps to select the coe�cients that make the observed values most likely to have occurred.

2.4. The log-likelihood statistics
The binary logistic regression model predicts the probability of occurrence of an event (Bera et al., 2020; Lee, 2005). The model gives results in 0 (the outcome
didn’t occur) and 1 (the outcome did occur). In this model, the log-likelihood statistics is used to assess the �t of the model on the basis of observed and
predicted values. The form has been represented in Eq. 3:

 loglikelihood =
N

∑
i=1

[Yiln(P(Yi)) + (1 − Yi)ln(1 − P(Yi))](3)

The statistics has the capability to sum up the probabilities associated with the predicted and actual outcomes. The log-likelihood statistics is analogous to
the residual sum square (SSE) in multiple regression (Hong et al., 2019; Wear & Bolstad, 1998). It is an indicator that how much unexplained variance is there
after the model is �tted. The larger value of this statistics indicates a poorly �tted model. In multiple linear regression, the baseline model gives the prediction
when we know nothing other than the values of outcome. In logistic regression, the model will predict the outcomes that occur most often.

2.5. Contribution of predictors in the model
In simple linear regression model, the estimated regression coe�cient (b) and standard error are derived to compute t-statistics. The aim is to know the
individual contribution of each predictor in the model. In logistic regression model, z-statistics is used which follows a normal distribution. It based on the
hypothesis that whether the b coe�cient for a predictor is signi�cantly different from zero. If the b value signi�cantly differs from zero then the predictor is
making a signi�cant contribution to the prediction of the outcome (Y). The z-statistics is known as the Wald statistics (Menard, 2004; Yilmaz, 2009). It
sometimes follows the chi-square distribution and becomes z2. The in�ated standard error with high b coe�cient value causes underestimation of the Wald
statistics.

2.6. Explanation of the odds ratio (exp B)
The odds of an event occurring are de�ned as the probability of an event occurring to that of the event not occurring. In logistic regression, the odds ratio is the
exponential of B and indicates the change in odds resulting from a unit change in the predictor variable (Austin & Steyerberg, 2012; Nemes et al., 2009). It is
similar to the b coe�cient in the model. The probability (P) of bank erosion with odds of being high or low is shown in the equation number 4 and 5:

P(eventhigh) =
1

1 + e − ( b0+b1X1i+b2X2i+ ⋯ +bnXni (4)

P(eventlow) = 1 − P(eventhigh)

5
In this analysis, the bank erosion is to be predicted with ‘event high’ and ‘event low’ responses. The equations would like to know-the probability of occurrence
of high or low bank erosion from the predictor variables (NDVI, Modi�ed NDWI, modi�ed SAVI, modi�ed NDMI, distance to river, distance to settlements,
population density, Soil dry density and �nally Soil bearing capacity). In this case, as the predictor variable is dichotomous, our aim is to calculate the odds of
�nding the site with high erosion (1). The model estimates the probability of the existence of high bank erosion sites based on their driving factors (X) and
quanti�es the interaction between the existence of high bank erosion and their drivers which are responsible for their occurrences.

2.7. Model validation
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The Receiver Operative Characteristic (ROC) compares predicted results with actual results and plot percentages of true positives against the percentage of
false positives at a prede�ned threshold value (Y. Li et al., 2020; Sarkar & Chouhan, 2020). The ROC calculates the area under the curve (AUC), which threshold
value lies in between 0 to 1, where 1 denotes a perfect match and 0 denote complete miss-match. The area under curve (AUC) is particularly important for
evaluating accuracy of the model(Hu & Lo, 2007; Phillips et al., 2006; Vakhshoori & Zare, 2018). In this study, the probability map of logistic regression is
compared to the actual sites of high bank erosion in 2020 to measure the predictability of the model with a threshold value of 0.4. In the BLR model, the
smallest cut-off value is the minimum observed test value minus 1 and the largest cutoff value are the maximum observed test value plus 1. Here, we plotted
the probability of true positive identi�ed as high bank erosion cells against the probability of the false positive identi�ed as low bank erosion cells for a range
of thresholds 0.5–1.The binary classi�er has been set to validate two responses like- sites with high bank erosion (1) and low bank erosion (0). The sensitivity
(correctly identi�ed sites) of the test can be understood from the Area Under Curve (AUC). AUC is the probability that the model ranks a random positive
example more highly than a random negative example. The probability of the classi�er to rank the randomly chosen positive values higher than the randomly
chosen negative is equal to the probability of AUC. As the AUC goes on increasing above the line of no-discrimination, the probability of correctly de�ned high
bank erosion sites also increases.

3. Results

3.1. The overall model
The comparison of the BLR model has been done with its baseline state when only the constant is included to derive the likelihood ratio which follows the χ2

distribution. The Cox and Snell R Square 0.382 and Nagelkerke R Square 0.525 indicate suitability of the model (Table 3). The omnibus test of model
coe�cient gives the likelihood ratio (224.433) for the overall model �tting which is found highly signi�cant (p value 0.000). The overall �tting comes out with
the decision that the driver variables are considered to be signi�cant predictors in this model (Table 4). The Hosmer-Lemeshow (HL) test checks weather the
observed event rates match with expected event rates or not. The given χ2 value (4.335) of HL test is found to be signi�cant (p > 0.005) (Table 3).The model
predicts correctly 254 sites as low bank erosion (LBE) and 111 sites as High bank erosion (HBE) category with 84.4% and 67.3% accuracy. At the same time,
the model misclassi�ed 47 sites with HBE and 111 sites with LBE.  

3.2. Explaining co linearity diagnostics and residuals
The spatial data modeling with BLR model suffers from a high degree of spatial positive autocorrelation (Sarkar, 2020). The multi-value extraction to point
tool in ARC-GIS favours the data extraction process using random point generation. But, random samples are suitable for representing a large number of
population data although lacks in eliminating spatial dependency among the random points (Puertas et al. 2014). Both the systematic and random sampling
schemes are used to eradicate this problem. The colinearity statistics determined the presence of multi-colinearity among the interpolated raster based indices
i.e. NDVI, MNDWI, MSAVI and NDMI with the VIF statistics greater than 10 and tolerance limit less than 0.2. The extracted point data from these raster layers
are highly correlated with each other (> 0.8). The trimming of these variables does not make high and in�uential changes in the odds ratio. So, the
acceptability of the overall model has considered here from Hosmer-Lemeshow statistics which con�rms the match between the observed and predicted high
bank erosion response (1) by the model. The main purpose of examining residuals in any regression model has two objectives: isolating the points for which
the model �ts poorly and isolating the points that exert an undue in�uence on the model. The Cook’s distance, Leverage statistics and DFBeta values
determine the last objective in this model (Fig. 10a, b & c). The standardized residuals of the overall model range between ± 2SD and reveals standard normal
distribution of the residuals (Fig. 11a). The shape of the Leverage statistics is observed rightly skewed (3.979) (Fig. 11b). The Cook’s distance is calculated
less than 1. It indicates that the predictors have in�uence on the model. The data distribution follows right tailed curve and ranges between 0 to + 0.30 (Fig.
11c). The Expected Leverage Statistics (ELS) is 0.0386 for the overall model. The negative and positive deviations from the expected ELS are 58.58% and
41.42% respectively (Fig. 10d). The DFBeta values for the constant in the model fall below 1.

3.3. Impact of the categorical predictors in the model
In this paper, total 8 landuse-cover categories are used as dummy variables in the BLR model (Fig. 8d). The objective is to �nd out whether there exists any
signi�cant role of any LULC category to predict vulnerable bank erosion sites. Initially, separate BLR model has been run for the LULC classes considering one
categorical predictor in the model. The confusion or error matrix is constructed to validate the accuracy of the supervised classi�cation. The Kappa coe�cient
is 0.765 which agrees 76.5% accuracy of the image classi�cation (Table 5).The overall model indicates the signi�cance of the LULC categorical predictors
although with low odd ratio (0.309). The signi�cant z2statistics (< 0.05) has been calculated for barren lands (Exp(B) 2.272), settlement (Exp(B) 2.897) and
swamp tracts (Exp(B) 3.124). The overall accuracy of the BLR model in this case is 64.6%. In both the overall model (16 predictors) and LULC class based
model (8 predictors), the barren land category is observed as signi�cant predictor of HBE.

3.4. Validation of the model
Receiver operating characteristic (ROC) curve and Kappa coe�cient (Table 5) are used for validation of the BLR model. The kappa coe�cient separately
approves the accuracy of the image classi�cation. The ROC curve shows the plot of the true positive rate and false positive rate of different likely cut points of
a diagnostic test. The Area Under Curve (AUC) determines the goodness of �t of the model. In this study, the probability mapping of vulnerable sites of high
bank erosion is compared to the actual training random sample sets �xed both by GPS ground truthing (40%) in 2019 monsoon and random point generator
in Arc-GIS platform (60%). The predictability of the model has been tested at 0.4 cutoff point where the model correctly classi�ed 79.4% sites vulnerable to
HBE and 21.3% chance of incorrect classi�cation of LBE sites as HBE. The model has the AUC of 0.874 with standard error 0.016 which speci�es the selection
of vulnerable sites of HBE is valid (Fig. 11e).

4. Discussion
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The entire bank line from Manikchak to Farakka is affected by heavy erosion due to unconsolidated and loose constituent bank materials. The entire reach is
gradually changing with sand-silt soil resulting into decreasing strength to resist erosion. The left bank erosion of river Ganga has become one of the most
severe Geo-hazard in West Bengal. The discussion is framed in such a way so that one can understand about the overall structure of the model at the regional
scale. In this paper, the potential sites of bank erosion have been assessed based on the prolonged history of bank erosion in Diara region. It is very essential
to present the discussion at reach scale of the river to cross-examine the match of the reality with the model. Previously, Panchanandapur faced the severity of
bank erosion (Fig. 5). The pressure of water head in comparison to average cross section area is really an overburden especially at Panchanandapur. The one
square meter area receives water head pressure of 2.29 m which is itself a power equals to thousands of hammering against the loose sand-silt composition
of the bank soil(Rudra, 2014). Now a days, the severity of bank erosion has been shifted along the outer bank of the meander bend near Gopalpur (Fig. 5). The
exertion of water head pressure along the banks can easily exhaust the water saturated loose constituent materials consequent upon steady gravity fall and
avalanching of serial blocks of bank soil associated with �ssures and gullies. A tremendous head water pressure is predominating at and adjacent to
Panchanandapur area up to Farakka. The oversaturated bank soil at the top associated with deep rill and gully formations in monsoon results into steady
mud �owage culminating into block failure for the vertical and horizontal fractures (Fig. 6c,e,f). From Manikchak to Panchanandapur, at the outer bend of the
curvature of the main central channel is affected by the steady shear stress of impinging water and circulation of revolving or whirling water causes
secondary currents (Fig. 6 1e). The thalweg is near to the outer bank (left bank) and very distant from the inner bank. Any bank cannot be protected with
embankment pitching and spurs when there is a deep scour depth near the bank (Fig. 6 1c). The loose sand-silt composition attacked by diverted and whirling
strikes of impinging ebbs make scars creating crescent cavities of 10–15 m in length observed during the �eld study in 2019 monsoon.

About 15–20% of population in Manikchak block and about 8678.99 ha have been found under severe threats of erosion. In Kaliachak II about 25–35% of
population is under the effect of slumping and disruption of settlements. In English Bazar, about 3–5% population and 483.58 hectare areal coverage have
been found under erosional effects. Total 19 mouzas in Manikchak block, 29 mouzas in Kaliachak-II, 4 mouzas of Kaliachak-III and 2 mouzas of English
Bazar fall within the selected 6 km buffer along the left bank of Ganga (Fig. 4). Keeping in view the socio-economic strata of the erosion affected areas;
increasing population pressure at Bhutni-Diara is another important reason of bank erosion. The island has 3 mouzas and falls in Manikchak block. Bhutni
Island had a total population of 89021 according to 2011 census. Previously, it was only 47,173 in 2001. Due to the formation of the circular embankment, the
eastern side bank of the river resulting into heavy seasonal slumping alongside for about 15 km starting from Manikchak to Domhat. The increasing
population pressure (Table 6) in the adjacent gram panchayet of Manikchak, Englishbazar and Kaliachak-II blocks has direct impact on bank erosion (Fig. 8c).
In the categorical predictor model, the settlement LULC class is observed as statistically signi�cant predictor (z2 statistics less than 0.05) of high bank erosion
having an odd ratio of 2.897. It means the 1 square unit increase in settlement patches within the buffer, the log odds of HBE increases by 2.897 times. In the
overall model, the euclidean distance from settlement again produces the signi�cant value of z2 statistics (Table 4). But here the log odds of HBE category
decreases by 0.324 with 1 unit increase in distance from settlement. So, the proximity of settlement patches alongside the left bank in Manikchak,
Englishbazar and Kaliachak-II are directly and signi�cantly increases the probability of high bank erosion. The river channel category has the highest odd ratio
(5.92) among the other categories in LULC classes (Fig. 8d). At 95% con�dence level, another LULC class i.e. barren land is considered statistically signi�cant
predictor. It indicates the bare land surface in Diara region can easily be engulfed by the lateral erosion of the river Ganga. The NDVI odds 0.203 indicates that
1 unit increase in NDVI value, the odds of HBE decreases by 79.7% (1-0.203). But, the probability is not statistically signi�cant at 95% con�dence interval. The
increasing distance from main river channel causes the decreasing odds of HBE which is very common. But, another important result comes out from
population density variable. It shows that HBE sites (affected mouzas) are 0.677 times less dense than LBE areas.
The measurement of soil bearing capacity is one of the most in�uencing variables in this model which has direct relationship with the probability of HBE. This
measurement is associated with the shear strength of the soil in per square unit area. The shear strength combines frictional resistance and cohesional
resistance. Total 50 samples are collected from 25 mouzas covering Manikchak, Kaliachak-II and III blocks (Fig. 1). The mouzas at outer bend of the main
channel are having very low soil bearing capacity as the whole water stress falls on the left bank (Fig. 9b). The model tells us that HBE sites are having 0.124
times less soil bearing capacity than the LBE sites and the BLR constant is statistically signi�cant (Table 4). Here, both limits of the con�dence interval of the
predictor are above 1 gives the inference that the direction of the relationship is true in the population. The bulk density of soil depends greatly on the mineral
make up of soil and the degree of compaction. The calculated soil dry density (Fig. 9a) of the bank soil at the study reaches is observed maximum 1.24 g cm− 

3. The bulk dry density of bank soil is not a signi�cant predictor in the overall model. But if one uses this as single predictor in BLR model, the b-constant
becomes-0.844 with an odd ratio of 0.430 and it becomes statistically signi�cant. The model has been constructed to snap the role of- complex interaction of
the selected parameters in the model and �nd out the most crucial parameter which has relatively high probability of predicting bank erosion. The remote
sensing tool helped to understand the complex interaction of LULC and riparian soil-vegetation assemblage in the model with the odds explained in Table 4.
Interestingly, the log odd of HBE probability is comparatively higher for the 1 unit change in agricultural �elds in LULC category. The spatial distribution of
probability scores (HBE) indicates the good �t of the BLR model along the outer bend of the main channel in Diara (Fig. 12a). The high probability scores
concentrated around the large meandering curvature especially at Dharampur (Fig. 12b), Jotbhabani (Fig. 12c), Gopalpur (Fig. 12d), Kamaluddinpur (Fig. 12e),
Mahadebpur mouzas (Fig. 12f &G). These sites bear the recent (2020) �ood hit and related architectures of bank erosion.

The model predicts the chance of more bank erosion in agricultural �eld dominated riparian sites. Finally, the model has presented the capability of advanced
remote sensing and GIS technology to predict bank erosion considering the complex interaction of the riparian zone.

5. Conclusion
The present study reveals the applicability BRL model in predicting high vulnerable sites for bank erosion. The model uses causative variables that were
collected from different spectrum i.e. �eld based and raster grid bases. The NDVI, MNDWI, MSAVI and NDMI indices are used in this vulnerability prediction
modeling approach with their inherent capability of spatial allocation and detecting intensive patches. The model holds the possibility of predicting the role of
LULC categories in bank erosion. It inevitably draws the signi�cant dynamic role of spatial pattern and association of LULC categories. The model �gures out
the role of nearness of the river channel to settlement patches promoting anthropogenic pressure on the already vulnerable sites. It contradictorily reveals the
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consensus of people to live away from vulnerable sites especially the urban areas. The intensity of bank erosion is undoubtedly connected with the
construction of Farakka barrage and frequent oscillation of the main channel of Ganga. The large bend of the present channel at Manichak and Kaliachak-II
block is the morphological adjustment of the channel in post Farakka barrage time. The moist low lands of Diara favours the lateral expansion of the channel
to the east. The left bank from Dharampur to Hamidpur is highly affected by irregular water regimes in wet and dry seasons as well water currents during high
spates. From Paschim Narayanpur to Gopalpur (Manikchak) the bank soil bearing capacity is observed low. The BLR model also predicts the high probability
of bank erosion (> 90%) within Paschim Narayanpur (Manikchak) to Jotananta (Kaliachak-II). Below this the high probability only can be observed as
scattered patches within Panchanandapur, Hamidpur and Nayagram (Kaliachak-II). After 2007 the degree of severity of erosion has been found comparatively
dormant here. The swamp tracts of Bhuti-Diara Island are highly vulnerable to bank erosion. The agricultural �elds in Kaliachak-II and III are being rapidly
engulfed by the seasonal �ood devastations promoting bank erosion. The present paper does not claim the direct population pressure on the left bank. It
perceives the rapid conversion of agricultural �elds and mango plantations to settlement patches as a result of LULC dynamics. The soil bearing capacity
signi�cantly expresses 87.6% odds of telling high probability of bank erosion which is highest among non-categorical predictors. The increasing proximity of
settlement patches increases the probability of HBE which is indirectly related to the bank erosion. The population density variable in BLR model indicates the
adaptation of human settlements with bank erosion. The HBE sites lead to drive them away from to �nd more suitable lands in the interior part of Diara.
Finally, the model produces accuracy up to 87.4% to produce overall impact of the driving variables nullifying the problem of spatial autocorrelation.
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Tables
Table 1 is available in the Supplemental Files section.

Table 2 List of the variable included in the logistic regression model.

Variable type Description Code Nature

Dependent variable

 

High Bank Erosion (1) y  

CategoricalLow Bank Erosion (0) y

 

 

Predictor variables

NDVI X1 Continuous 

MNDWI X2 Continuous

SAVI X3 Continuous

NDMI X4 Continuous

Distance to river X5 Continuous

Distance to settlement X6 Continuous

Population density X7 Continuous

Soil Dry Density X8 Continuous

Soil Bearing Capacity X9 Continuous

Land use-cover values  X10 Categorical

Table 3 Logistic regression model summary.

-2 Log likelihood Cox & Snell R Square Nagelkerke R Square Hosmer-Lemeshow test

381.306 .382 .525 Chi-square df Sig.

      4.335 8 .826

Table 4 Role of predictor variables in BLR model.
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Predictor Variables  b SE Wald Statistics df Sig. Exp(B)

NDVI -1.569 1.615 0.943 1 0.332 0.203

MNDWI 1.571 1.899 0.684 1 0.408 4.81

MSAVI 0.325 1.149 0.08 1 0.777 1.384

NDMI -1.759 2.066 0.725 1 0.395 0.172

Distance from river -1.039 0.204 26.011 1 0.000 0.354

Distance from settlement -0.164 0.166 0.972 1 0.324 0.849

Population density -0.391 0.131 8.853 1 0.003 0.677

Soil dry density 5.746 3.56 2.605 1 0.107 312.966

Soil bearing capacity -2.088 0.582 12.88 1 0.000 0.124

Swamp tracts & wetlands    .721    0.198 13.223 7 0.054     3.124

Settlement 0.813 0.521 2.437 1 0.118 2.254

Abandoned channels 0.763 1.397 0.298 1 0.585 2.145

Agricultural �elds  1.523 0.514 8.789 1 0.003 4.585

Barren lands 0.84 0.4 4.413 1 0.036 2.317

Channel deposition 0.43 0.699 0.378 1 0.539 1.537

River channels 1.778 0.531 11.195 1 0.001 5.92

Mango plantation -0.135 1.248 0.012 1 0.914 0.873

Constant -2.978 1.539 3.747 1 0.043 0.051

Table 5 Details of the landuse-cover categories (2020).

 LULC categories  Pixels Area in Square Km Area in %  Kappa coe�cient 

River channel 119081 107.32 9.175        0.765

 

 

 

 

 

 

Channel deposition 48458 40.13 3.430

Abandoned channels 40461 34.03 2.909

Swamp tracts & Wetlands  221191 57.72 4.934

Barren soil 162840 143.02 12.227

Agricultural �elds 228141 336.3 28.751

Mango plantations 333494 322.02 27.530

Settlements 147582 129.13 11.039

Table 6 Population pressure on the adjacent mouzas and change.

Sl. No.  GPa Blocks Population in 2001b Population in 2011c Increment Remark

1 Dharampur Manikchak 2798 3708 910 Outer bend erosion 

along the left bank2 Gopalpur Manikchak 7072 9867 2795

3 Jotbhabani Manikchak 2285 2582 297

5 Panchanandapur Kaliachak-II 21017 26358 5341

6 Jotkasturi Kaliachak-II 4491 4901 410

8 Binodpur Englishbazar 543 595 52

9 Milki Englishbazar 9516 12581 3065
a Gram panchayet; Primary Census Abstract, DSH, Malda, b2001 & c2011, GoI

Figures
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Figure 1

Study site location emphasizing Diara alluvial tract with mouza boundaries and selected sample sites along the left bank of Ganga.
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Figure 2

Methodological work �ow of the present study.

Figure 3

Extent of the study area within selected buffer of 5 km
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Figure 4

Bank erosion affected mouzas in Diara region

Figure 5

False Colour Composite of Landsat 8 (OLI/TIRS) data showing the channel con�guration of Ganga in 2020 and potential bank erosion sites along the
meander bend in Diara region (Malda district).
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Figure 6

Field evidences of high bank erosion at the outer bend in Manikchak & Kaliachak-II blocks of Diara region.a) sites of �eld photographs; b)toe erosion causes
concave bend near Domhut (Manikchak ghat);c) gullying and piping erosion through seepage on the areal collapse blocks of bank segments at Manikchak &
Dharampur mouza;d) semi-circular rotational slip scars on the bankwalls at Gopalpur;e) vertical bank collapse at Khaskhol; f) Basal sapping and liquefaction
dominated vertical bank slip at Khaskhol.
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Figure 7

Predictor variables in the model.a) NDVI, b) MSAVI, c) NDWI, d) NDMI.
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Figure 8

Predictor variables in the model. a) Distance to river;b) Distance to settlement;c) Population density;d) LULC categories.
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Figure 9

Spatial distribution of soil parameters. a) soil dry density; b) soil bearing capacity.
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Figure 10

Residuals of the model; a) cook’s distance; b) leverage statistics; c)standardized residuals.
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Figure 11

Frequency distribution of residuals & model validation. a) standardized residuals, b) Leverage statistics, c) Cook’s distance; d) ROC curve.
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Figure 12

Validating the model with �nal outcome and recent (2020) �eld evidences. a) Variation of probability scores of bank erosion, b) erosion of unconsolidated
sand both by recession of �ood water and anthropogenic activities at Dharampur mouza, c) vertical block collapse and exposed bank face with three layers of
deposition at Jotbhabani mouza, d) concave meander bend at Gopalpur mouza, e) Impinge �ow attack and toe erosion at Kamaluddinpur mouza, f) Hydraulic
wash out and toppling at Mahadebpur mouza & g) collapse and subsidence due to sub-surface liquefaction.
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