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A B S T R A C T   

As significant ecosystem disturbances flooding events are expected to increase in both frequency and severity due 
to climate change, underscoring the critical need to understand their impact on biodiversity. In this study, we 
employ advanced remote sensing and machine learning methodologies to investigate the effects of flooding on 
biodiversity, from individual species to broader ecological communities. Specifically, we utilized Sentinel-1 
synthetic aperture radar (SAR) images and an ensemble of machine-learning algorithms to derive a flood sus
ceptibility indicator. Our primary objective is to investigate the potential benefits of incorporating flood sus
ceptibility, as a proxy for flood risk, into species distribution models (SDMs). By doing so, we aim to improve the 
performance of SDMs and gain deeper insights into the consequences of floods to biodiversity. Within the bio
diverse landscape of the Zagros Mountains, a crucial Irano-Anatolian biodiversity hotspots, we examined the 
sensitivity of mammals, amphibians, and reptiles’ distributions to flooding. Our analysis compared the perfor
mance of models that combined flood susceptibility with climate variables against models relying solely on 
climate variables. The results indicate that the inclusion of flood susceptibility significantly improves the ca
pacity of models to explain and map species distributions for 67% of the species in our study region. Notably, 
amphibians and mammals are more profoundly affected by flooding compared to reptiles. The study highlights 
the importance of incorporating flood susceptibility as a predictor variable in species distribution models to 
improve the baseline characterization of potential species distributions. The importance of this variable will 
obviously depend on the regional context and the species studied but its relevance is likely to increase with 
climate change. In summary, our research demonstrates the integration of remote sensing and machine learning 
as a potent approach to advance biodiversity data science, monitoring, and conservation in the face of climate- 
induced flooding.   

1. Introduction 

Flooding is one of the most prominent disturbances and major nat
ural disasters globally (Lugeri et al., 2010) that usually cause major 
damages to ecosystems and the environment (Zhang et al., 2021a). 
Floods can have significant impacts on biodiversity in many ways 
(Larsen et al., 2019; Maxwell et al., 2019) at various levels from in
dividuals and species to communities and ecosystems (Kupika et al., 
2021). Flooding can alter the structure and composition of ecosystems, 
reduce the availability of resources, increase the exposure to pathogens 
and pollutants, and cause mortality and displacement of species. 

Compelling empirical evidence have already provided insights into the 
effects of flood events on species distribution and biodiversity for 
various groups, e.g., terrestrial animals (Golet et al., 2013; Zhang et al., 
2021a), plants (Ferreira, 2000; Zhang et al., 2022) and African wildlife 
biodiversity (Kupika et al., 2021). Recent studies have demonstrated 
that the vulnerability of biodiversity to flood events varies among 
different species and over geographical locations (Bodmer et al., 2018; 
Connell et al., 2022; Horncastle et al., 2019; Pyhälä et al., 2016). Un
derstanding the extent to which species are likely to be affected by floods 
is critical to inform natural area managements and biodiversity pro
tection, particularly when species are already at risk of extinction. This 
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is specifically important because human-caused climate change is 
already resulting in an increased frequency and severity of extreme 
events, with dire consequences for biodiversity (Filazzola et al., 2021; 
Mahecha et al., 2020; Neilson et al., 2020) and floods are among such 
extreme events that account for a significant portion of natural disasters 
worldwide (Kron, 2015). 

While flood is recognized as a potential significant driver affecting 
biodiversity and species distribution, its direct incorporation into 
ecological models (e.g., species distribution models; SDMs) presents a 
considerable challenge. The complexities lie in the dynamic and non- 
linear nature of flood events, the difficulty in determining threshold 
effects defining at what magnitude a flood event affects species, and 
species-specific responses to floods. Moreover, the interactions of floods 
with other environmental variables and the variability in data avail
ability and quality further complicate the integration process. As a so
lution to these challenges, we suggest utilizing a flood susceptibility map 
offers a proxy and generalized indicator of flood risk. We argue that the 
incorporation of flood susceptibility as a variable in SDMs can overcome 
the challenges associated with modeling flood effects on biodiversity in 
a more standardized and data-driven manner. Therefore, to begin 
expanding our understanding of flood dynamics and its impacts on 
biodiversity, we propose mobilization of spaceborne satellite remote 
sensing technologies, along with machine learning approaches, can be 
an opportunity to evaluate the links between species occurrence and 
flood susceptibility that provide insights into understanding biodiversity 
patterns and changes. 

Over the last two decades, the field of satellite technology has 
facilitated a quantum leap in our capacity to gather geospatial data. The 
emergence of Synthetic Aperture Radar (SAR) has revolutionized remote 
sensing capacity for flood mapping and monitoring (Li et al., 2018). This 
technology has the unique advantage of operating effectively under 
diverse weather conditions, allowing for reliable data collection and 
delineate water extent during flood events even under a dense cloud 
cover (Liang and Liu, 2020). Alongside, there has been a significant 
development in the European Space Agency’s (ESA) Sentinel-1 mission 
which has made a wealth of public SAR images available for free, along 
with easy accessibility on cloud-based computational platforms such as 
Google Earth Engine (Clement et al., 2018; Munawar, 2022; Singha 
et al., 2020), setting a new milestone in flood assessments and risk 
mitigation (Benzougagh et al., 2022). Several studies already demon
strated the capacity of Sentinel-1 SAR images for accurately delineation 
of flood inundation areas (Cao et al., 2019; Liang and Liu, 2020), and 
flood susceptibility mapping (Shahabi et al., 2020), that makes them 
suitable for operational flood monitoring frameworks (Borah et al., 
2018; Qiu et al., 2021). 

Flood susceptibility mapping is a multi-step procedure that involves 
detection of flood areas, selecting relevant flood conditioning parame
ters, and constructing models using machine learning approaches. In 
recent years, many studies have applied various methods and techniques 
to improve the accuracy and efficiency of flood susceptibility mapping. 
For example, some studies have used different criteria and methods, 
such as frequency ratio, information value, entropy, and correlation 
analysis, to determine the most important parameters for flood suscep
tibility mapping (e.g., Wang et al., 2021). Other studies have employed 
and tested various machine learning models, such as neural networks, 
logistic regression, support vector machine, and random forest, to build 
and compare flood susceptibility models using various datasets and in
dicators (Liu et al., 2022). By taking the best out of these separate works, 
we came up with an integrated framework for flood susceptibility 
mapping using an ensemble of machine learning algorithms, trained by 
identified flood inundation areas based on SAR images. Such a frame
work can potentially enhance the performance and robustness of flood 
susceptibility mapping and provide useful information for flood risk 
management and mitigation. 

This study aims to introduce a novel approach by incorporating a 
flood susceptibility map into SDMs to serve as a proxy for assessing flood 

risk and to examine its potential to enhance the performance of SDMs. 
To the best of our knowledge, this research represents the first explo
ration of this innovative concept. The primary research question centers 
on understanding how individual species respond to varying degrees of 
flood risk and the resulting implications for species biodiversity, spe
cifically species richness. Leveraging state-of-the-art Sentinel-1 SAR 
remote sensing technology and advanced machine learning methods, we 
investigate the impact of floods on species distributions in Zagros 
mountains, an ecologically significant mountainous region, and biodi
versity hotspot in Iran that frequently experiences extreme meteoro
logical events, including floods (Ahmadi et al., 2022; Razavi Termeh 
et al., 2018; Vaghefi et al., 2019; Yariyan et al., 2020). Our study places 
a special focus on a diverse group of terrestrial species, including 
mammals, amphibians, and reptiles, all of which may be particularly 
vulnerable to the effects of flooding (Bodmer et al., 2018; Jacob, 2003; 
Thibault and Brown, 2008). By shedding light on the relationships be
tween floods and species distributions, this research offers insights into 
understanding the drivers of biodiversity dynamics that can inform the 
development of more effective conservation strategies and a deeper 
understanding of the risks faced by vulnerable species. 

2. Material and method 

2.1. Study area and description 

Nested in the heart of the Irano-Anatolian biodiversity hotspot, the 
Zagros Mountains located in the southwestern Iran, span over 1500 km 
and represent one of the most important biodiversity hotspots in the 
Middle East. The region is a treasure trove of rich and diverse flora and 
fauna, providing a habitat for numerous endemic and critically threat
ened species (Ghane-ameleh et al., 2021; Karimi et al., 2023; Noroozi 
et al., 2018), comprising diverse habitats, including forests, shrublands, 
grasslands, and wetlands. The mountain range is characterized by dry 
summers and cold winters and receives most of its precipitation during 
the winter months. The study area in this research encompasses the 
Zagros Mountains, which have widely come under threat in recent years 
due to a combination of factors including the effects of climate change, 
extreme events, and poor conservation planning (Farashi and Shariati, 
2017; Yousefi et al., 2020). 

2.2. Flood susceptibility mapping 

A general framework for modelling and mapping of flood suscepti
bility has been employed in many studies (e.g., Chapi et al., 2017) that 
links flood inventory data to topographic, climatic, and environmental 
conditions using a machine learning algorithm. In this study, we have 
advanced this approach by utilizing remotely sensed radar images to 
detect flood inundation areas. We trained an ensemble of multiple ma
chine learning algorithms to map flood susceptibility and the method
ology is summarized in Fig. 2. 

2.2.1. Flood inundation areas 
To identify inundation areas during flood events, we processed 

Sentinel-1 SAR images that were obtained between 2015 and 2022 
(Fig. 1). To determine the dates of flood events or heavy rainfall that 
could cause flash floods in the region, we used half-hourly time series of 
precipitation grids, obtained from the integrated multi-satellite re
trievals for the Global Precipitation Measurement (GPM) mission 
(IMERG; Huffman et al., 2020). For each identified flood event, we 
obtained Sentinel-1 Ground Range Detected (GRD) SAR bands (level-1; 
dual-polarization) for the period just before and after the event (here
after, pre- and post-event). 

To detect the flood inundation areas, we applied a pre-processing 
procedure to the images following Singha et al. (2020), which 
included a noise-removal. We then utilized a calibration threshold 
technique that compared backscatter intensity values in flooded and 
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non-flooded areas. To differentiate pixels with permanent water bodies 
(e.g., lakes) from flooded areas, we used a modified normalized differ
ence water index (NDWI) (Teng et al., 2021) derived from Sentinel-2 
multi-spectral images at level 1-C (Du et al., 2016). This process al
lows us to establish a threshold below which water bodies and flooded 
areas could be identified. The post and pre-event images were then 
binarized using the threshold of − 21 dB (Conde et al., 2019), and a 
binary map comparison method was employed to identify the flooded 
areas. All data acquisition and processing of this section were conducted 
in the Google Earth Engine platform. While this study primarily focused 
on assessing the influence of flood susceptibility on species distributions 
and biodiversity, we conducted a qualitative validation of the flood 
inundation areas identified through our SAR Sentinel-1 image process
ing. It is important to note that this validation was not aimed at quan
titatively assessing spatial accuracy but rather at ensuring the reliability 
of the identified flood areas. To validate our results, we cross-referenced 
the detected flood events with official reports from the Iranian Meteo
rological Organization (IMO) and information obtained from trusted 
local news sources. By comparing the dates and locations of flood events 
reported by these authoritative sources with our dataset, we filtered out 
any discrepancies or inconsistencies. This approach allowed us to 
confirm that the identified flooded areas corresponded with docu
mented flood events, enhancing the credibility of our dataset. A more 
detailed quantitative accuracy assessment of the inundation areas could 

be a subject of future research to further strengthen the methodology. 
We employed a spatial random sampling approach to draw a set of 

spatial data points within the identified flood areas, which were origi
nally characterized as spatial polygons with areas ranging from 0.5 to 
15 km2). These data points serve as representations of flood occurrences 
and were utilized as input data for the training of the machine learning 
algorithms, contributing to the development of flood susceptibility maps 
(see section 2.2.4). 

2.2.2. Flood conditioning factors 
After conducting an extensive literature review (Avand et al., 2022; 

Ghosh et al., 2022; Seydi et al., 2022; Yousefi et al., 2020b, Yousefi et al., 
2020a; Zhao et al., 2018), we identified 9 flooding susceptibility features 
including digital elevation model (DEM), topographic slope, topo
graphic wetness index (TWI), flow distance (vertical and horizontal), 
flow direction, flow accumulation, normalized difference vegetation 
index (NDVI), and precipitation (mean hourly precipitation over the last 
20 years). To generate the topographic features, we used a DEM with 90 
m spatial resolution, obtained from the shuttle radar topography mission 
(SRTM), which was pre-processed by filling the sink pixels to avoid any 
errors in hydrological analyses. The sink filling operation modifies an 
elevation value in a pixel that is smaller compared to its 8 neighboring 
pixels (Alkhuraiji, 2020; Koriche, 2012). Using DEM as input, topo
graphic slope, and flow direction layers were generated. The flow 

Fig. 1. Procedure for identifying flood inundation areas using Sentinel-1 SAR images; (a) map showing the mean precipitation based on half-hourly time series of 
precipitation grids obtained from Global Precipitation Management (GPM) mission; (b) example of a time series depicting precipitation values at a pixels with high 
mean precipitation, used to identify flood event dates for each year; (c) an example of Sentinel-1 SAR image over the study area; (d) Sentinel-1 SAR images obtained 
before- and after-flood event (for part of the study area), processed to identify flood inundation areas (the blue polygons in the middle image) by comparing the 
images before and after the flood event, representing as the “difference” image. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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Fig. 2. Flowchart showing the methodology adopted in this study.  
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direction layer was generated using the D8 algorithm implemented in 
ESRI ArcGIS Pro (version 2.8), which determines the direction of flow at 
each pixel to its steepest downslope neighbor. The flow accumulation 
was then determined as the accumulated weight of all upstream pixels 
flowing into each downslope pixel. The magnitude of flows toward 
downstream also depends on the other conditions within the pixels (e.g., 
vegetation density), therefore, we calculated NDVI based on infrared 
and red bands of satellite images, obtained from Sentinel-2 (Notti et al., 
2022), and averaged over eight annual cycles (2015–2022). We also 
considered the relative risk of flow distance as another flood condi
tioning factor. First, we extracted stream networks from the flow accu
mulation by applying a threshold such that the pixels with flow 
accumulation greater than the threshold (500) were classified as 
streams. We then calculated both the horizontal and vertical flow dis
tances to the nearest stream using the stream network and the flow di
rection, and transformed these values, along with the flow accumulation 
value, into a single value of relative flow distance risk ranging between 
0 and 1. The reasoning behind this is that a smaller distance to streams 
with greater flow accumulation increases the risk of flooding. 

The next factor was TWI, which represents the influence of local 
topography on runoff flow direction and describes the tendency of a 
pixel to accumulate water (Gokceoglu et al., 2005; Mattivi et al., 2019). 
The equation (1) was used to calculate TWI (Beven and Kirkby, 1979; 
Moore et al., 1991): 

TWI = ln(α/tanβ) (1)  

where α is the upstream catchment area, and tan β is the slope angle in 
degrees at each pixel. 

2.2.3. Modeling flood susceptibility 
We used six diverse machine learning algorithms for flood suscep

tibility modelling. These algorithms encompass a range of machine 
learning techniques and are grounded in different underlying assump
tions, as is conventionally employed in flood susceptibility analysis (eg., 
Mosavi et al., 2022; Shafizadeh-Moghadam et al., 2018; Youssef et al., 
2022). They include Generalized Linear Models (GLM; Myers and 
Montgomery, 1997), Boosted Regression Trees (BRT; Elith et al., 2008), 
Random Forests (RF; Breiman, 2001), Support Vector Machine (SVM; 
Noble, 2006), Multivariate Adaptive Regression Spline (MARS; Fried
man, 1991) and Maximum Entropy (MaxEnt; Phillips et al., 2006). This 
diversity allows us to account for a wide array of modeling techniques, 
effectively addressing the potential limitations and biases inherent in 
individual models. We then used an ensemble approach to combine the 
susceptibility maps generated by the individual models using a weighted 
averaging procedure. By employing the ensemble approach, we mitigate 
model-based uncertainty, which refers to the variability in predictions 
stemming from the choice of modeling techniques and parameteriza
tions (Naghibi et al., 2017). This approach is consistent with the well- 
known documented benefits of ensemble forecasting, where the com
bination of models with varying assumptions and strengths yields more 
consistent and reliable predictions, ultimately minimizes errors or biases 
inherent in individual models (Araújo and New, 2007; Marmion et al., 
2009). 

We used flood inundation areas, generated through the processing of 
Sentinel-1 SAR images (section 2.2.1), to randomly draw a sample of 
170 flood occurrence locations that were used as the response variable 
in the modeling process. We then generated a sample of 1000 random 
locations across the study area as background or pseudo-absence of 
flood event, which is necessary to train the machine learning models 
when the distribution of the response variable is binomial (Ghyoumi 
et al., 2022; Naimi and Araújo, 2016). Additionally, we used the 9 flood 
conditioning factors as predictor variables to train the machine learning 
algorithms. Before training the flood susceptibility models, we tested 
whether the predictor variables were subjected to multicollinearity 
problem by calculating their variance inflation factor (VIF) through a 

stepwise procedure (Naimi et al., 2014). To evaluate the performance of 
the models, we used a bootstrapping procedure by randomly drawing a 
sample from the data (using sampling with replacement) and dividing 
the records into train and test partitions, which was repeated five times 
resulting in five replicates of train and test datasets). For each replicate, 
we fitted and evaluated the models using the training and test datasets, 
respectively. The area under the receiver operative characteristics curve 
(AUC) statistic was used to evaluate the performance of the models 
(Amiri et al., 2021; Fielding and Bell, 1997; Sheykhi Ilanloo et al., 2021). 
The AUC measures the ability of the models to correctly classify flood 
and non-flood locations, with a value of 1 indicating perfect discrimi
nation and a value of 0.5 indicating random discrimination. A higher 
AUC value means that the model has a higher accuracy in predicting 
flood susceptibility (Harisena et al., 2021; Naimi and Araújo, 2016). 
Moreover, we calculated the importance of each variable using a per
mutation approach (Naimi and Araújo, 2016). We then used Jenks’ 
natural break classification to divide the flood susceptibility map into 
five categories including Highest, High, Medium, Low, and Lowest. 
Jenks’ method uses data segmentation to estimate the optimal break 
value to assign pixels to different classes. This method eliminates 
intraclass disparity and maximizes group disparity while increasing the 
average disparity within each class. A higher index rating represents 
areas that are particularly susceptible to flooding and vice versa (Chen 
et al., 2013). 

2.3. Assessment of the effects of flood susceptibility on biodiversity 

2.3.1. Target variable and predictor variable 
Small species were given priority in our study due to their height

ened susceptibility to the detrimental effects of floods, especially when 
compared to larger, less mobile species as highlighted in previous 
studies (Bodmer et al., 2018; Thibault and Brown, 2008). Our species 
occurrence data were meticulously sourced from a variety of reputable 
outlets, including research conducted by the first author, EE (Ebrahimi 
et al., 2021, 2022), as well as contributions from other researchers, and 
data from the global biodiversity information facility (GBIF). To ensure 
data accuracy and reliability, we subjected these records a stringent 
validation process. We cross-referenced them against the geographical 
range provided by the Map of Life (MOL) and the International Union for 
Conservation of Nature (IUCN). Further data quality control and 
cleaning procedure was carried out using the CoordinateCleaner package 
in R (Zizka et al., 2019), involving multiple criteria to identify and 
rectify common spatial and temporal errors in biodiversity data. These 
criteria included assessing general coordinate validity, detecting spatial 
and temporal outliers, resolving coordinate-country discrepancies, 
identifying, and removing duplicate coordinates per species, managing 
occurrences in seas and plains, addressing rounded and converted co
ordinates, and handling missing data. Following these steps, we per
formed spatial thinning, applying a distance threshold of 1 km based on 
the pixel size of the predictor variables (Naimi et al., 2022; Naimi and 
Araújo, 2016). These measures led to the exclusion of 193 records out of 
the initial 2252 records, leaving us with a robust dataset of 2058 reliable 
records representing 34 species, including 6 amphibians, 12 mammals, 
and 16 reptiles (see Table S.1 and Fig. S.1 for the checklist and corre
sponding distribution maps). To examine the impact of floods on species 
distributions, we integrated climate variables with flood susceptibility. 
Our climatic data was sources from the CHELSA dataset (Karger et al., 
2017), offering 19 bioclimatic variables spanning the period from 1979 
to 2013, with a resolution of 30 arcseconds (approximately 1 km2). To 
address potential multicollinearity among the predictor variables, we 
employed a stepwise procedure, calculating variance inflation factors 
(VIF) for each variable at every step of the process. We then identified a 
variable with the highest VIF value, and if it was greater than the pre
defined threshold of 10, indicating collinearity, they were systematically 
excluded. This iterative procedure continued until all variables exhibi
ted VIF values below the specified threshold (Naimi, 2022; Naimi et al., 
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2014). 

2.3.2. Species distribution models 
To investigate the impact of floods on biodiversity, we constructed 

species distribution models using various subsets of climate and flood 
predictors. We employed eight different machine learning algorithms 
(see below) and a repeated bootstrapping resampling procedure that 
generated 100 replicates for each algorithm, resulting in a total of 800 
models for each species. Each subset of predictors was restricted to 5 
variables. We created two groups of models: one trained with climate- 
only predictors (referred to climate-only models), and another one 
trained with four climate variables and one flood susceptibility variable 
(referred to climate-flood models). Both groups contained 50 replicates 
for each modelling algorithm. We used five bioclimatic variables 
including Annual Mean Temperature (Bio1), Temperature Seasonality 
(Bio4), Mean Temperature of Wettest Quarter (Bio8), Annual Precipi
tation (Bio12), and Precipitation Seasonality (Bio15) (Karger et al., 
2017). In the climate-flood group, the five subsets were created by 
replacing one of the bioclimatic variables with the flood susceptibility 
variable (for every 10 replicates out of 50 for each algorithm). We 
created 400 models for each group, and statistically compared the per
formance of the models between the two groups. We also assessed the 
contribution of the flood predictor to the models (Fig. 2). 

The modelling algorithms include generalized linear models (GLM), 
generalized additive models (GAM), boosted regression trees (BRT), 
random forest (RF), support vector machine (SVM), multivariate adap
tive regression spline (MARS), maximum entropy (MaxEnt), and 
DOMAIN. The ‘sdm’ R package (Naimi and Araújo, 2016) was used with 
default options to implement the models, and with an ensemble fore
casting framework (Araújo and New, 2007) predictions were finally 
combined into a single consensus prediction. A bootstrapping method 
was employed for resampling of data and, dividing the records into train 
and test partitions, then the performance of each model was evaluated 
using the AUC (Ilanloo et al., 2020; Naimi et al., 2011) and true skill 
statistic (TSS) metrics (Allouche et al., 2006). Finally, a non-parametric 
statistical hypothesis test (Wilcoxon signed-rank test) was used to 
determine the significance of the flood susceptibility in improving the 
performance of SDMs in explaining the geographical distributions of 
species. 

3. Results 

3.1. Flood susceptibility models 

We identified areas affected by the flood events by processing 
Sentinel-1 SAR images and the hourly time series of rainfall data be
tween the years 2016 and 2022. A total of 170 flood points were drawn 
over the flood event polygons which have been used as the response 
variable in the flood susceptibility modelling. 

All the nine flood conditioning factors were contributed to the flood 
susceptibility models as the results of the VIF test showed no sign of 
collinearity among the variables. The VIF values were less than 10 for all 
the variables (Table 1). 

Based on the evaluation of the individual flood susceptibility models, 
measured using the AUC metric, it was found that Maxent and RF 

exhibited the highest performance with AUC values of 0.9 and 0.89, 
respectively. Following closely, the models calibrated using BRT and 
MARS achieved AUC values of 0.86, followed by SVM and GLM with 
AUC of 0.83, and 0.8, respectively (Fig. 3). 

The flood susceptibility map resulting from the ensemble approach, 
classified using Jenks’ natural break classification, shows the zones with 
the highest flood susceptibility are mainly located to the north and south 
of the study area (Fig. 4). The ensemble approach predicts that 45.29 % 
of the study area falls within the lowest flood susceptibility zone, while 
4.41 % falls within the highest flood susceptibility zone. The moderately 
flood-prone region covers 15.72 % of the study area, which is the highest 
percentage for this class among the models tested in this study. 

The results of AUC-based permutation test to determine the relative 
importance of flood conditioning factors in explaining the flood sus
ceptibility revealed that precipitation, DEM, and TWI were the most 
important variables, with the relative importance of 21.2 %, 16.3 %, and 
23.1 %, respectively (Table 1). 

3.2. Assessment of the effects of flood susceptibility on biodiversity 

The Comparison between the models fitted in flood-climate and 
climate-only groups, in terms of their impact on biodiversity, showed 
that the models used flood susceptibility as a predictor performed 
significantly greater, based on TSS values, for 67 % of species (Fig. 5). 
Despite a high correlation coefficient (0.87) between the species rich
ness maps generated by the two groups, the climate-flood models were 
more precise in mapping the areas with high richness values and 
limiting their extent compared to the climate-only models (Fig. 6). The 
variation of flood susceptibility values over pixels in areas with high and 
low species richness indicated a negative effect of floods on biodiversity 
(Fig. 7), which was confirmed by the Wilcoxon test (P-Value < 0.001). 
The inverse linear relationship between flood susceptibility and species 
richness was significant for all taxonomic groups (Fig. 8), with a weaker 
magnitude for reptiles (COR = -0.095) compared to amphibians (COR =
-0.294) and mammals (COR = -0.208). 

4. Discussion 

Floods have long been recognized as a significant factor impacting 
biodiversity, however, their integration into ecological models presents 
a multifaceted challenge, remained a complex endeavor (Maxwell et al., 
2019; Zhang et al., 2021b). Our study bridges this gap by introducing a 
novel approach that leverages flood susceptibility as a proxy for flood 
risk, offering fresh perspectives on the intricate relationship between 
floods and biodiversity. By utilizing remotely sensed Sentinel-1 SAR 
images and an ensemble of machine learning algorithms, we harnessed 
the power of flood susceptibility and its integration with climate vari
ables within SDMs to explore the effects of flooding on the biodiversity 
of the Zagros Mountains in Iran not only at the species level but also at 
the community level, including species richness across taxonomic 
groups of mammals, amphibians, and reptiles. This novel concept un
derpins our research, marking the first instance where such an approach 
has been thoroughly tested. This evolution in our understanding of the 
relationship between floods and biodiversity opens new horizons for 
conservation efforts and ecological research in regions susceptible to 

Table 1 
Multicollinearity test among flood conditioning factors.  

Factors Collinearity Statistics Variable importance Factors Collinearity Statistics Variable importance 

VIF VIF 

Slope  3.2  7.9 % Flow direction  3.9  6.8 % 
NDVI  2.8  9.9 % Flow accumulation  2.1  8.3 % 
TWI  4.6  11.8 % DEM  8.5  17.5 % 
Flow Distance Risk (v)  5.2  6.4 % Precipitation  2.9  21.1 % 
Flow Distance Risk (h)  6.3  10.3 %     
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extreme meteorological events. 
The creative use of cutting-edge technologies has the potential to 

revolutionize biodiversity assessments and conservation efforts (Cav
ender-Bares et al., 2022; Martínez-López et al., 2015; Naimi and Voinov, 
2012; Abbaspour et al., 2011). Several studies have emphasized the 
importance of critical technological advances for assessing extreme 
events such as fires (Kumar et al., 2022), droughts (Alahacoon and 
Edirisinghe, 2022), earthquakes (Xiang et al., 2022), avalanches (Singh 
et al., 2022), and hurricanes (Marlier et al., 2022). Our study demon
strates the integration of remote sensing radar imagery and advanced 
machine learning algorithms, combined with geospatial data analysis 
tools, to evaluate the effects of floods on biodiversity. This interdisci
plinary approach showcases how technological advancements from 
various disciplines can enhance biodiversity assessments, contributing 
to more effective conservation strategies (Cavender-Bares et al., 2022). 
The study underscores the importance of interdisciplinary research in 
addressing complex ecological challenges. 

Incorporating flood susceptibility as a predictor in SDMs resulted in 
more precise maps of species distributions and biodiversity richness in 
the Zagros Mountains, aligning with our expectations. However, an 
intriguing finding was a lower maximum richness value in flood-climate 
models compared to those using climate variables alone, indicating that 
floods can constrain species richness in the region. While climate vari
ables are valuable for mapping potential species distributions, it is 
crucial to consider other abiotic and biotic factors that may limit species 
and biodiversity distributions (Peterson, 2011). The incorporation of 
these limiting factors into SDMs offers a more precise and realistic 
characterization of realized species distributions (Ilanloo et al., 2020). 
This insight highlights the complexity of ecological interactions and the 
importance of capturing them for effective conservation strategies. 

In the intricate realm of multidimensional phenomena, such as 
flooding incidents, where numerous factors interact, ensemble machine 
learning models have demonstrated remarkable efficacy (Arabameri 
et al., 2019b, 2020). Ensemble techniques have significantly advanced 
flood susceptibility analysis, as supported by extensive research 

(Arabameri et al., 2019a; Islam et al., 2023; Pham et al., 2021; Wang 
et al., 2021). These studies collectively underline the superior perfor
mance of ensemble models in unraveling the complexities of flood sus
ceptibility. Our choice to adopt ensemble modeling is founded on the 
well-established principle that combining predictions from diverse 
models consistently yields more accurate results than relying solely on 
individual models (Araújo and New, 2007). This widely acknowledged 
principle in ecological modeling is substantiated by numerous studies 
(Le Lay et al., 2010; Marmion et al., 2009), confirming the superior 
predictive capacity of ensemble models. Furthermore, our comparative 
analysis validates the ensemble model’s proficiency in delivering 
heightened precision and accuracy, consistent with previous research. 
Another notable advantage of the ensemble model lies in its ability to 
mitigate model-based uncertainty, resulting in more consistent and 
reliable predictions. This enhanced accuracy extends to spatial agree
ment, which assesses the model’s ability to capture the spatial vari
ability and heterogeneity of the phenomenon under investigation, a 
critical factor in flood susceptibility and species distribution analyses 
(Arabameri et al., 2020; Chapi et al., 2017). 

We found that among the taxonomic groups considered, amphibians 
were most affected by flood susceptibility, followed by mammals, while 
reptiles showed a weak but significant inverse relationship with flood 
susceptibility (Fig. 8). The limited migration ability of amphibians 
makes them particularly vulnerable to floods, as noted by Adis and Junk 
(2002), and their distribution is considered as an indicator of habitat 
quality due to their rapid response to environmental changes (Beebee 
and Griffiths, 2005). Our findings support previous studies that suggest 
floods are a primary risk factor for amphibians (Lawler et al., 2010; 
Smith and Green, 2005). Additionally, our results suggest that floods can 
also affect small mammal distributions and population fluctuations 
(Anderson and Pezeshki, 2000; Jacob, 2003; Klinger, 2006; Thibault and 
Brown, 2008), consistent with Maxwell et al. (2019) and Zhang et al., 
(2021b), although some studies such as Wuczyński and Jakubiec (2013) 
have reported opposite findings. There is limited research on the effects 
of floods on reptiles, and our results showed a weak but significant 

Fig. 3. ROC curve of the individual models.  
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inverse relationship between reptile richness and flood susceptibility, 
which may be related to their swimming ability and tolerance of aquatic 
conditions (Aubret et al., 2015; Richards and Clemente, 2013). More 
studies are needed to further understand the effects of floods on reptiles. 

Despite floods being a significant limiting factor for most species, our 
results revealed that a small percentage (23 %) of species exhibited a 
positive response to floods. One possible explanation for this unexpected 
finding could be the biological traits of these species that make them less 
sensitive to floods (Thibault and Brown, 2008). Additionally, it is 
possible that these species have experienced historical disturbances that 
have enables them to better cope with extreme events (Willmer et al., 
2022). However, the presence of spatial sampling bias in the occurrence 
data cannot be ruled out as a contributing factor to this result. This issue 
is a well-known inherent problem with many species data and could 
potentially influence the accuracy of our model outputs (Cayuela et al., 
2009; Keddy et al., 2009). 

Our findings highlight the significance of precipitation as a key factor 
contributing to flood susceptibility (Table 1), which is consistent with 
previous studies (Rincón et al., 2018). Furthermore, previous research in 
the study area emphasized the pivotal role played the combination of 
precipitation, land use, and geomorphology in determining flood po
tentials (Ahmadi et al., 2022). The interplay between these factors 
contributes to the overall vulnerability of the region, underscoring a 
need for comprehensive understanding and management strategies for 
mitigating the risks associated with flooding. 

The approach and workflow developed in this study for analyzing the 

effects of floods on biodiversity can be applied to other extreme events 
or potential drivers of biodiversity changes. Remote sensing data from 
various sources, including MODIS, Landsat, Aster, and Sentinel, have 
been extensively used to identify hazards, degradations, and extreme 
events (Kourosh Niya et al., 2019; Salati et al., 2014), as well as to 
delineate the boundaries of affected areas (Poursanidis and Chrys
oulakis, 2017). If a variable of interest is a type of hazard or an extreme 
event, such as floods, landslides, or fires, the same machine learning 
approach used in this study for generating the susceptibility map can be 
employed when appropriate predictors that explain the event are 
selected. Alternatively, a remotely sensed product acting as proxies 
(Mokhtari et al., 2015) of some potential drivers, such as degradations, 
or erosions, could replace the susceptibility map in our workflow. These 
areas could be the subject of further investigation. 

In this study, we have operated under the assumption that species 
distributions are primarily influenced by measurable biotic and abiotic 
factors at varying spatial resolutions. This foundational premise enables 
the application of our approach to any taxonomic group or geographic 
region with comparable data availability and quality. However, it is 
important to recognize that there may be additional unaccounted fac
tors, including biotic interactions, dispersal limitations, evolutionary 
history, and human activities, that can influence on species distribu
tions. We encourage further research to encompass these factors in the 
analysis, aiming to assess the robustness and applicability of our 
approach across diverse spatial and temporal scales. Our approach offers 
practical implications for conservation planning and management. 

Fig. 4. Flood susceptibility maps derived from ensemble model.  
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Based on our findings, we propose that conservation practitioners pri
oritize areas more susceptible to floods and other threats for targeted 
interventions such as restoration, protection, and monitoring. Addi
tionally, designing strategies to enhance the resilience and adaptation of 
species vulnerable to floods and other threats is essential. Furthermore, 
incorporating influential environmental factors into conservation 
decision-making processes can enhance the effectiveness and efficiency 
of conservation actions, ultimately contributing to the long-term 
persistence of biodiversity in the face of global change. 

One limitation of our study was the lack of time series data for 
biodiversity. Obtaining long-term observations of species occurrences 
would allow for a more effective impact assessment of floods on biodi
versity by tracking changes in biodiversity patterns over time. Fortu
nately, a wide range of temporal satellite imagery is available in various 
forms, which can provide comprehensive information about the 
magnitude, frequency, and spatial distribution of extreme events and 
other aspects of ecosystem properties (Kourosh Niya et al., 2019; Roc
chini et al., 2021). By combining such data with long-term biodiversity 
observations, it may be possible to establish links between changes in 
biodiversity and hypothesized drivers such flood events, providing 
valuable insights into the response of biodiversity to these drivers. 

The ensemble of advanced machine learning algorithms (Araújo and 
New, 2007) we used in this research is the state-of-the-art approach that 
can deal with model-based uncertainty (Araujo et al., 2019; Moham
madi et al., 2019; Naimi, 2015) and is flexible enough to characterize 

both linear and non-linear relationships (Naimi et al., 2022). However, 
the inherent complexity and dynamic nature of natural ecosystems, 
make it challenging to fully predict biodiversity changes, especially 
when considering the complex interactions among multiple drivers of 
biodiversity loss. Deep learning is a promising technology in artificial 
intelligence that has recently achieved notable success in several do
mains (Reichstein et al., 2019). Deep learning algorithms have the po
tential to capture complex patterns and in biodiversity and their 
interactions with environment. However, it should be noted that the use 
of such algorithms requires big data, which are currently mostly un
available in studies of species distributions. One solution might be to use 
these algorithms at the community level by incorporating multiple 
species at the same time into the model, which may allow for a 
comprehensive understanding of complex interactions between 
different species and their drivers of change. 

5. Conclusion 

Using a sophisticated computational workflow, we demonstrate the 
potential of integrating advanced technologies, such as remote sensing 
and machine learning, to generate flood susceptibility maps and iden
tifying areas at risk of biodiversity loss resulting from flooding. By 
incorporating flood susceptibility as a proxy for flooding risk into spe
cies distribution models, we showed that it markedly improves the ac
curacy of these models, leading to more precise biodiversity maps. This 

Fig. 5. Performance (measured by TSS) of the two groups of models: climate-only that used only climate variables, and climate-flood that used climate and flood 
susceptibility variables. 
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innovative approach provides fresh insights into the role of flood sus
ceptibility as a critical predictor variable in species distribution models. 

Our findings are consistent with evidence that floods have a critical 

effect on the geographic distributions of species, affecting the overall 
diversity across regions and ecosystems. The integration of biodiversity 
data with remote sensing, machine learning, and geospatial data 

Fig. 6. Species richness generated by the climate-only and climatic-flood models; the gray graphs on the top and right of the map represent the richness variability 
over latitudes and longitudes, respectively. 

Fig. 7. Compare the relationship between flood susceptibility and species richness.  
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analysis opens promising avenues for advancing biodiversity science 
and unveiling intricate patterns that might otherwise remain hidden 
(Cavender-Bares et al., 2022). Specifically, our study highlights the 
critical role of flood susceptibility as a proxy for flood risk, and its 
importance in species distribution models to enhance the accuracy of 
mapping the realized distributions of species. By contributing to the 
growing body of literature on interdisciplinary approaches to biodiver
sity monitoring and conservation, our research emphasizes the urgent 
need for proactive measures and actions to combat ongoing biodiversity 
loss, driven by human activities and climate change. This study not only 
highlights the criticality of floods in shaping biodiversity but also offers 
a pioneering methodology for integrating flood risk into species distri
bution models, enhancing their effectiveness in mapping realized spe
cies distributions. 
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Lagos, X., Piñeiro, G., Teixeira, L., Seijo, L., Vitancurt, J., Caymaris, H., Panario, D., 
2019. Ecological and social basis for the development of a sand barrier breaching 
model in Laguna de Rocha Uruguay. Estuar. Coast. Shelf Sci. 219, 300–316. https:// 
doi.org/10.1016/j.ecss.2019.02.003. 

Connell, J., Hall, M.A., Nimmo, D.G., Watson, S.J., Clarke, M.F., 2022. Fire, drought and 
flooding rains: the effect of climatic extremes on bird species’ responses to time since 
fire. Divers. Distrib. 28, 417–438. https://doi.org/10.1111/ddi.13287. 

Du, Y., Zhang, Y., Ling, F., Wang, Q., Li, W., Li, X., 2016. Water bodies’ mapping from 
Sentinel-2 imagery with Modified Normalized Difference Water Index at 10-m 
spatial resolution produced by sharpening the swir band. Remote Sens. 8 https://doi. 
org/10.3390/rs8040354. 

Ebrahimi, E., Ranjbaran, Y., Sayahnia, R., Ahmadzadeh, F., 2022. Assessing the climate 
change effects on the distribution pattern of the Azerbaijan Mountain Newt 
(Neurergus crocatus). Ecol. Complex. 50, 100997 https://doi.org/10.1016/j. 
ecocom.2022.100997. 

Ebrahimi, E., Sayahnia, R., Ranjbaran, Y., Vaissi, S., Ahmadzadeh, F., 2021. Dynamics of 
threatened mammalian distribution in Iran’s protected areas under climate change. 
Mammalian Biol. 101 (6), 759–774. https://doi.org/10.1007/s42991-021-00136-z. 

Elith, J., Leathwick, J.R., Hastie, T., 2008. A working guide to boosted regression trees. 
J. Anim. Ecol. 77, 802–813. https://doi.org/10.1111/j.1365-2656.2008.01390.x. 

Farashi, A., Shariati, M., 2017. Biodiversity hotspots and conservation gaps in Iran. 
J. Nat. Conserv. 39, 37–57. https://doi.org/10.1016/j.jnc.2017.06.003. 

Ferreira, L.V., 2000. Effects of flooding duration on species richness, floristic composition 
and forest structure in river margin habitat in Amazonian blackwater floodplain 
forests: Implications for future design of protected areas. Biodivers. Conserv. 9 
https://doi.org/10.1023/A:1008989811637. 

Fielding, A.H., Bell, J.F., 1997. A review of methods for the assessment of prediction 
errors in conservation presence/absence models. Environ. Conserv. 24, 38–49. 

Filazzola, A., Matter, S.F., Macivor, J.S., 2021. Science of the total environment the 
direct and indirect effects of extreme climate events on insects. Sci. Total Environ. 
769, 145161 https://doi.org/10.1016/j.scitotenv.2021.145161. 

Friedman, J.H., 1991. Multivariate adaptive regression splines. Ann. Stat. 19, 1–67. 
https://doi.org/10.1214/aos/1176347963. 

Ghane-ameleh, S., Khosravi, M., Saberi-pirooz, R., Ebrahimi, E., Asadi Aghbolaghi, M., 
Ahmadzadeh, F., 2021. Mid-Pleistocene transition as a trigger for diversification in 
the Irano-Anatolian region: evidence revealed by phylogeography and distribution 
pattern of the eastern three-lined lizard. Glob. Ecol. Conserv. 31, e01839 https://doi. 
org/10.1016/j.gecco.2021.e01839. 

Ghosh, S., Saha, S., Bera, B., 2022. Flood susceptibility zonation using advanced 
ensemble machine learning models within Himalayan foreland basin. Nat. Hazards 
Res. https://doi.org/10.1016/J.NHRES.2022.06.003. 

Ghyoumi, R., Ebrahimi, E., Mousavi, S.M., 2022. Dynamics of mangrove forest 
distribution changes in Iran. J. Water Clim. Chang. 13, 2479–2489. https://doi.org/ 
10.2166/wcc.2022.069. 

Gokceoglu, C., Sonmez, H., Nefeslioglu, H.A., Duman, T.Y., Can, T., 2005. The 17 March 
2005 Kuzulu landslide (Sivas, Turkey) and landslide-susceptibility map of its near 
vicinity. Eng. Geol. 81, 65–83. https://doi.org/10.1016/j.enggeo.2005.07.011. 

Golet, G.H., Hunt, J.W., Koenig, D., 2013. Decline and recovery of small mammals after 
flooding: implications for pest management and floodplain community dynamics. 
River Res. Appl. 29, 183–194. https://doi.org/10.1002/RRA.1588. 

Harisena, N.V., Groen, T.A., Toxopeus, A.G., Naimi, B., 2021. When is variable 
importance estimation in species distribution modelling affected by spatial 
correlation? Ecography 44 (5). https://doi.org/10.1111/ecog.05534. 

Horncastle, V.J., Chambers, C.L., Dickson, B.G., 2019. Grazing and wildfire effects on 
small mammals inhabiting montane meadows. J. Wildl. Manage. 83, 534–543. 
https://doi.org/10.1002/jwmg.21635. 

Huffman, G.., Bolvin, D.., Braithwaite, D., Hsu, K.., Joyce, R.., Kidd, C., N, E.J., Soroosh, 
S., S, E.F., Jackson, T., Wolff, D.B. and, Pingping, X., 2020. Integrated Mulit-satellite 
Retrievals for the Global Measurement (GPM) Mission (IMERG). 

Ilanloo, S.S., Ebrahimi, E., Valizadegan, N., Ashrafi, S., Rezaei, H.R., Yousefi, M., 2020. 
Little owl (Athene noctua) around human settlements and agricultural lands: 

conservation and management enlightenments. Acta Ecol. Sin. 40, 347–352. https:// 
doi.org/10.1016/j.chnaes.2020.06.001. 

Islam, A.R.M.T., Bappi, M.M.R., Alqadhi, S., Bindajam, A.A., Mallick, J., Talukdar, S., 
2023. Improvement of flood susceptibility mapping by introducing hybrid ensemble 
learning algorithms and high-resolution satellite imageries, Natural Hazards. 
Springer Netherlands. https://doi.org/10.1007/s11069-023-06106-7. 

Jacob, J., 2003. The response of small mammal populations to flooding. Mamm. Biol. 68, 
102–111. https://doi.org/10.1078/1616-5047-00068. 
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Tordoni, E., Vicario, S., Zannini, P., Wegmann, M., 2021. rasterdiv—an information 
theory tailored R package for measuring ecosystem heterogeneity from space: to the 
origin and back. Methods Ecol. Evol. 12 https://doi.org/10.1111/2041-210X.13583. 

Salati, S., van Ruitenbeek, F., van der Meer, F., Naimi, B., Salati, S., van Ruitenbeek, F., 
van der Meer, F., Naimi, B., 2014. Detection of alteration induced by onshore gas 
seeps from ASTER and worldview-2 data. Remote Sens. 6, 3188–3209. https://doi. 
org/10.3390/rs6043188. 

Seydi, S.T., Kanani-Sadat, Y., Hasanlou, M., Sahraei, R., Chanussot, J., Amani, M., 2022. 
Comparison of Machine Learning Algorithms for Flood Susceptibility Mapping. 
Remote Sens. 2023, Vol. 15, Page 192 15, 192. https://doi.org/10.3390/ 
RS15010192. 

Shafizadeh-Moghadam, H., Valavi, R., Shahabi, H., Chapi, K., Shirzadi, A., 2018. Novel 
forecasting approaches using combination of machine learning and statistical models 
for flood susceptibility mapping. J. Environ. Manage. 217, 1–11. https://doi.org/ 
10.1016/j.jenvman.2018.03.089. 

Shahabi, H., Shirzadi, A., Ghaderi, K., Omidvar, E., Al-Ansari, N., Clague, J.J., 
Geertsema, M., Khosravi, K., Amini, A., Bahrami, S., Rahmati, O., Habibi, K., 
Mohammadi, A., Nguyen, H., Melesse, A.M., Ahmad, B.B., Ahmad, A., 2020. Flood 
detection and susceptibility mapping using Sentinel-1 remote sensing data and a 
machine learning approach: hybrid intelligence of bagging ensemble based on K- 
Nearest Neighbor classifier. Remote Sens. 12 https://doi.org/10.3390/rs12020266. 

Sheykhi Ilanloo, S., Khani, A., Kafash, A., Valizadegan, N., Ashrafi, S., Loercher, F., 
Ebrahimi, E., Yousefi, M., 2021. Applying opportunistic observations to model 
current and future suitability of the Kopet Dagh Mountains for a Near Threatened 
avian scavenger. Avian Biol. Res. 14, 18–26. https://doi.org/10.1177/ 
1758155920962750. 

Singh, K.K., Singh, D.K., Thakur, N.K., Dewali, S.K., Negi, H.S., Snehmani, M., V.d.,, 
2022. Detection and mapping of snow avalanche debris from Western Himalaya, 
India using remote sensing satellite images. Geocarto Int. 37, 2561–2579. https:// 
doi.org/10.1080/10106049.2020.1762762. 

Singha, M., Dong, J., Sarmah, S., You, N., Zhou, Y., Zhang, G., Doughty, R., Xiao, X., 
2020. Identifying floods and flood-affected paddy rice fields in Bangladesh based on 
Sentinel-1 imagery and Google Earth Engine. ISPRS J. Photogramm. Remote Sens. 
166, 278–293. https://doi.org/10.1016/j.isprsjprs.2020.06.011. 

Smith, M.A., Green, D.M., 2005. Dispersal and the metapopulation paradigm in 
amphibian ecology and conservation: Are all amphibian populations 
metapopulations? Ecography (cop.) 28, 110–128. https://doi.org/10.1111/j.0906- 
7590.2005.04042.x. 

Teng, J., Xia, S., Liu, Y., Yu, X., Duan, H., Xiao, H., Zhao, C., 2021. Assessing habitat 
suitability for wintering geese by using Normalized Difference Water Index (NDWI) 
in a large floodplain wetland China. Ecol. Indic. 122, 107260 https://doi.org/ 
10.1016/j.ecolind.2020.107260. 

Thibault, K.M., Brown, J.H., 2008. Impact of an extreme climatic event on community 
assembly. Proc. Natl. Acad. Sci. u. s. a. 105, 3410–3415. https://doi.org/10.1073/ 
pnas.0712282105. 

Vaghefi, S.A., Keykhai, M., Jahanbakhshi, F., Sheikholeslami, J., Ahmadi, A., Yang, H., 
Abbaspour, K.C., 2019. The future of extreme climate in Iran. Sci. Rep. 9, 1–11. 
https://doi.org/10.1038/s41598-018-38071-8. 

Wang, Y., Fang, Z., Hong, H., Costache, R., Tang, X., 2021. Flood susceptibility mapping 
by integrating frequency ratio and index of entropy with multilayer perceptron and 
classification and regression tree. J. Environ. Manage. 289 https://doi.org/10.1016/ 
j.jenvman.2021.112449. 

Willmer, J.N.G., Püttker, T., Prevedello, J.A., 2022. Global impacts of edge effects on 
species richness. Biol. Conserv. 272, 109654 https://doi.org/10.1016/j. 
biocon.2022.109654. 
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