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Abstract
This paper investigates the application of logistic regression model for flood susceptibility mapping in southern Gaza Strip areas.
At first, flood inventory maps were identified using PalestinianWater Authorities data and extensive field surveys. A total of 140
flood locations were identified, of which 70% were randomly used for data training and the remaining 30% were used for data
validation. In this investigation, six causing flood variables from the spatial database were prepared, which are digital elevation
model (DEM), topographic slope, flow accumulation, rainfall, land use/land cover (LULC), and soil type. Then, comprehensive
statistical analysis techniques including Pearson’s correlation, multicollinearity, and heteroscedasticity analyses were used, to
ensure that the regression assumptions are not violated. The uniqueness of the current study is its inclusiveness of influential
causing flood parameters and vigorous statistical analyses that led to accurate flood prediction. Quantitatively, the proposed
model is robust with very reasonable accuracy. The prediction and success rates are 76 and 81%, respectively. The practical and
unique contribution of this investigation is the generation of flood susceptibility map for the region. This is a very useful tool for
the decision makers in the Gaza Strip to reduce human harm and infrastructure losses.
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Introduction

Flood is a major destructive natural hazard that can lead to a
considerable harmful impact on both economic and social
scales. The existing master plans used for land development
of urban areas fail to match unpredictable manifestations like
flooding (Hsu et al. 2014). Road expansion and urban devel-
opment could increase the risk of flood occurrence (Iwalewa
et al. 2016). Although the flood avoidance is impossible and
inevitable, future floods can be delineated through employing
forecasting techniques (Tehrany et al. 2015). Therefore, de-
veloping a flood prediction model at temporal and spatial

levels becomes necessary, which could help in setting up a
flood risk alleviation plan and provide disaster assistance ser-
vices (Schumann et al. 2014).

Establishing the vulnerable regions to floods through pre-
paring of flood susceptibility maps is an essential tool that can
reduce future flood destructions. Therefore, identifying loca-
tions with high susceptibility to flooding is essential to reduce
future floods. Moreover, specifying areas with low suscepti-
bility to flooding could be helpful for development activities
(Sarhadi et al. 2012).

Three phases should be considered to mitigate flood ac-
cording to Kourgialas and Karatzas (2011): pre-flood estima-
tion, flood prediction, and post-flood actions. Konadu and
Fosu (2009) mentioned that flood mitigation can be achieved
throughout four steps: forecasting, construction and develop-
ment, precluding, and damage evaluation. Clearly, the identi-
fication of flood-vulnerable areas is essential for a quick re-
sponse and can provide early warning to reduce the impact of
likely future flood events (Kia et al. 2012).

Flood problem becomes significant in the Gaza Strip more
than in the past few years ago. In December 2013, a winter
storm Alexa hits Gaza Strip causing huge damages to proper-
ty, municipal infrastructure, and agriculture. Alexa is
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described as the worst winter storm to hit the region since
1953. Many people have left their houses and transferred to
safer places in order to avoid flood risk. Topography, lack of
investment in infrastructure, and the high vulnerability of the
local communities cause the middle and southern Gaza Strip
to be the most seriously impacted by floods (PWA 2012).

Real-time information and predictions of a flood are a val-
ued tool for decision-makers tomitigate their impacts (Chaney
et al. 2015). In addition, most of flood prediction work focuses
on studying the factors which feature the properties of local
flood spots.

Flood forecasting involves interrelated spatially distributed
hydro-meteorological parameters which describe meteorolog-
ical and hydrological characteristics of semi-arid watersheds
(Wagener et al. 2007). Therefore, in order to increase the ca-
pability to forecast the occurrence of flood events, additional
factors depict that the hydrological characteristics of a water-
shed have considered topographic slope, flow direction, and
flow accumulation which represent the contribution area
drains into outlets of a watershed (Wagener et al. 2007).

Previous work

Different methods were employed to describe flood
susceptibility and risk mapping using various stochastic
methods with GIS and remote sensing. Pradhan (2010) ap-
plied multivariate logistic regression with remote sensing
and GIS to obtain flood susceptibility mapping in Malaysia.
Tehrany et al. (2014a) combined logistic regression with a
bivariate probability to construct flood susceptibility maps of
Busan City. Chormanski et al. (2011) developed remote
sensing and GIS including water chemistry analysis to create
flood mapping in Poland. Tehrany et al. (2014b) used a sup-
port vector machine (SVM) and weight-of-evidence (WofE)
techniques for flood mapping in Malaysia. Youssef et al.
(2016) applied frequency ratio (FR) and linear regression
(LR) methods and their combinations for flood susceptibility
mapping in Jeddah-Saudi Arabia. Omid Rahmati et al. (2016)
used WofE and frequency ratio (FR) methods for flood sus-
ceptibility mapping in Iran. Baduna Kocyigit et al. (2017)
employed HEC-HMS model to study the impact of the size
of the sub-basins of a watershed on the hydrologic parameters
and hydrograph of adjacent ungauged basins. Akay et al.
(2018) used HEC-HMS System for hydrological modeling
in the Western Black Sea Region that regularly experiences
flooding. Flood susceptibility mapping using hydrological
and stochastic rainfall analyses has been used for multiple case
studies (Ohlmacher and Davis 2003; Lee and Pradhan 2007).

In this paper, the logistic regression model along with a
spatial database of influential flood causing parameters is used
to produce the flood susceptibility mapping to Gaza Strip
Southern Governorates. The study took into consideration
the most significant variables that influence the local

characteristics of spots where the flood happened. The vari-
ables are the digital elevation model (DEM), soil type, land
use/land cover, topographic slope, and flow accumulation.
The use of these variables to quantify flood associated attri-
butes is a significant contribution to the current work. Another
objective of this study is to find which flood causing variable
has the utmost impact in a flood. The novelty of this paper is
its inclusiveness of influential flood causing variables on flood
occurrence. Another significant outcome of this study is the
ability to predict the factors that impact flood occurrence the
most. The work employs various statistical analyses (e.g.,
Pearson correlation, multicollinearity, and heteroscedasticity
analyses) to ensure the accuracy of flood predictions. The
proposed introduces a very practical tool, first of its kind for
the region, for accurate flood predictions.

Study area

Gaza Strip is situated on the eastern coast of the
Mediterranean Sea, and border Egypt on the south and Israel
on the North and West, with a total area of 365 km2. The
length of the Gaza Strip is approximately 41 km long. The
width of the Gaza Strip varies between 6 and 12 km.
Nowadays, the population of the Gaza Strip is approximately
1.95 million with a population density of 5342 people/km2

(Al-Juaidi et al. 2014; Al-Juaidi 2018).
Gaza Strip experiences severe water problems.

Groundwater aquifer is the major water supply source, used
for all water use sectors. This groundwater is recharged only
by rainfall, with around 55 million cubic meters per year, and
average rainfall of 320 mm per year (Al-Juaidi et al.
2010, 2011; Fisher et al. 2005). The study area contains 16
sub-watersheds. Around 155 million cubic meters of water
abstracted from the aquifer with approximately 105 million
cubic meters is recharged into the aquifer with shortage equal
to 50 million cubic meters (Al-Juaidi et al. 2009; Fisher et al.
2005).

Methodology

The main steps of this study is to delineate the flood suscep-
tibility mapping and consist of five stages: (1) preparing of
flood inventory map and flood conditioning factors from spa-
tial database, (2) statistical analyses methods, (3) logistic re-
gression analysis, (4) generation of the flood susceptibility
map, and (5) validation of the results using under the curve
(AUC) of the receiver operating characteristics (ROC) meth-
od. ArcGIS 10.2 and EViews 10 statistical software were used
for data analyses throughout all stages (see Fig. 1).

The main assumption using the logistic regression is the pos-
sibility of a flood occurring in the future. The flood susceptibility
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(probability) mapping obtained from this study will be compared
with historical floodingmaps. First, flood-causing factors such as
land use land cover (LULC), soil type, DEM, and rainfall maps
were obtained from the Palestinian Water Authority database.
Flow direction and topographic slope were obtained from the
Arc-GIS. The flow accumulation map was extracted from flow
direction andDEMmaps using the spatial analysis tools. Second,
various statistical techniques will be used to ensure that the lo-
gistic regression parameters are valid and accurate. These tech-
niques include the Pearson correlation, multicollinearity, and
heteroscedasticity tests. In the next step, logistic regression was
used to find the correlation between the flood occurrence and its
reliance on several independent conditioning variables. The fitted
parameters obtained from logistic regression were used in the
GIS to obtain flood susceptibility map (Eq. 1). Finally, the
AUC-ROC method was employed to validate the flood suscep-
tibility map.

Flood inventory map

One of the essential factors in predicting flood is the inventory
map, which corresponds to occurrences of a flood. The flood
vulnerable zones have been identified from Palestinian Water
Authorities (PWA) reports, extensive field surveying, where
the coordinates of these locations have been measured using
Global Positioning Systems (GPS). The flood inventory map
was prepared by the past floods of 1989, 2003, and 2013
according to PWA extensive field inventories. Total points
of 140 flood where floods occurred were surveyed at
1:25,000 scale was sketched by drawing polygons
representing these points (Fig. 2). This process has already
been assisted and identified by Engineers working in the
Gaza Coastal Municipalities and Water Utilities.

To obtain a flood susceptibility map, flood occurrences
were classified into two classes, testing, and training. It is
recommended that 70% of flood occurrences can be used for
training and the rest can be used for validation (Tehrany et al.

2014a). In this study, 98 cases of flood occurrences (70%)
were used for training, while the remaining 42 cases of flood
occurrences (30%) were used for validation.

Flood conditioning (causing) factors

Establishing the efficient factors which affect flood occur-
rence to create flood susceptibility maps is essential (Kia
et al. 2012). Therefore, six conditioning factors were created
from GIS database. These factors are rainfall amount, land-
use/land cover, soil type, DEM, topographic slope, and flow
accumulation. These flood causing factors are presented in
GIS raster grid with 20 m × 20 m cell size.

Rainfall amount (mm)

Rainfall is the main resource for groundwater recharge in the
Gaza Strip. Surface water is insignificant in the area. Recharge
is estimated at 50 million cubic meters per year from rainfall
(Fisher et al. 2005). The average annual rainfall in the Gaza
Strip is 320 mm/year. The average annual rainfall is 410 mm/
year in the north and decreases to 220 mm in the south, as
shown in Fig. 3a.

Land use/land cover (LULC)

Figure 3b shows the distributions of various land use type in
the southern Gaza Strip governorates in 2010. The agricultural
areas consist of about 60% of the total area. The urban buildup
areas represent 20% of the land use, and the natural resource
areas approximately cover 20%.

Soil type

Infiltration of water mainly depends on soil texture. Soil tex-
ture is a major factor which has to be fulfilled before the
generation of surface run-off. The Gaza Strip has eight

Flood Inventory

Flood Susceptibility 

Map

Receiver operating 

characteristics (ROC)

Flood locations
Training dataset 70% 

flood locations

Testing dataset 30% 

flood locations

Soil type

Rainfall amount

Land use/cover

DEM

Topographic slope

Flow accumulation

Flood conditioning 

factors

Pearson’s correlation analysis

Multicollinearity test

Heterocedasticity test 

Statistical analysis

Logistic regression model

Validation

Fig. 1 Flow chart of the
methodology
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different soil types as shown in Fig. 4a (PEPA 1996). Sand
dunes represent the sandy soil and located along the coastline
of the Gaza Strip with a depth range from 2 to about 50 m (Al-
Agha 1995). The soil becomes clay, silt, and loess in the east.
The soil turns into dark brown (clay) towards the northeast. In
valleys, the soil is almost loess type, with a depth of ranges
from 25 to 30 m (Aish and De Smedt 2004).

Digital elevation model (DEM)

The digital elevation model is one of the important tools
for flood prediction, which allows for a three-dimensional
vision of the ground surface terrain. The digital elevation
model map for the Gaza Strip is obtained from NASA
website based on the Automated Geospatial Watershed

Flood Testing

Flood Training

Fig. 2 Flood inventory map

Rainfall Amount (mm)

a) Rainfall amount map b) Land use/cover (LULC) map 

Fig. 3 Rainfall and land use/cover (LULC) maps
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Assessment Tool (AGWA) requirements (see Fig. 4b).
Generally, the land topography in Gaza Strip tends to in-
cline from east to west with an irregular shape. The max-
imum elevation reaches around 110 m above mean sea
level at the eastern border while in the west has the same
sea level. Most of the stormwater runoff flows from east to
west and is collected in the lowest elevation point located
at 3-km distance from the sea coastal line.

Topographic slope (in degree)

Slope controls the velocity of water on the ground surface,
which affects infiltration and runoff. In areas where the slope
is low, the infiltration depth is high and the runoff is low
(Adiat et al. 2012). In order to find out the location of the pool
of rainwater, the topographic slope must be considered. The
topographic slope map was produced in GIS (see Fig. 5a). In

a) Soil type map b) Digital elevation model (DEM) map 

Fig. 4 Soil type and DEM maps

a) Topographic slope map b) Flow accumulation map

Fig. 5 Topographic slope and flow accumulation maps
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order to find out the direction through which water will flow
from the cell to the adjacent cells, value for each cell elevation
is compared with neighboring cell elevations in GIS.

Flow accumulation

Flow accumulation is another influencing factor in the flood
occurrence (Pradhan 2010). Flow accumulation represents a
raster map of accumulated flow to each cell and identified by
accumulating the weight of all cells entering into each down-
slope cell in the GIS raster. Undefined flow direction cells will
not contribute to any downstream flow. These cells of unde-
fined flow direction will only receive flow. The accumulated
flow depends on the number of cells flowing into each cell in
the output raster. Areas of concentrated flow (e.g., high flow
accumulation cells) can be used to recognize stream channels.
When flow accumulation cell is zero, it depicts local topo-
graphic elevations which may be considered to identify wa-
tershed ridges.

Flow direction aims to find the direction of the flow (e.g.,
water and sediments, etc.) which follows the topography.
Flow direction is a physically based principle where water
flow follows the steepest slope direction. The slope is recog-
nized by determining the plane tangent to the topographic
surface in the center of the cell. The slope gradient is the
maximum elevation drop within the plane, while the corre-
spondent direction of this elevation change rate represents
the aspect. More details about the flow direction methods
can be found at Fernando et al. (2008). The flow direction
map has been used with the DEM to derive the flow accumu-
lation map using Arc-GIS spatial analysis tools (see Fig. 5b).

Flood susceptibility modeling

Logistic regression model

Logistic regression (Hosmer and Lemeshow 2000; Helsel and
Hirsch 2002) is applied to predict the probability of an event
(e.g., flood) occurring. Logistic regression is similar to multi-
ple linear regressions and permits one to have a relation be-
tween flood occurrence (one dependent variable) and flood
causing factors (other independent variables) (Helsel and
Hirsch 2002). For flood vulnerability analysis, logistic regres-
sion aims to obtain the best fitting model to depict the rela-
tionship between the dependent and independent variable
(Omid Rahmati et al. 2016; Pradhan 2010). In logistic regres-
sion, the more conditioning variables (independent) are incor-
porated in the analysis, the more model will be complete and
accurate, but only when the conditioning (independent) vari-
ables have a major role in deciding the dependent variable
(Ayalew et al. 2004).

Chau and Chan (2005) describe the logistic regression as
the probability of an event occurrence over the probability of
non-occurrence. It is helpful for forecasting the absence or
presence of a flood based on several predictor variables. The
spatial prediction of a flood in logistic regression is modeled
considering dependent and independent variables (Shirzadi
et al. 2012). The variables could be discrete or continuous or
any mixture of both types. The presence or absence of flood is
represented by a binary variable (dependent variable). The
logistic function is valid for flood susceptibility analysis if
the dependent variables are binary (Atkinson and Massari
1998). Here, the dependent variable falls between 0 and 1,
where zero represents a 0% probability (no flood) and one
exhibits a 100% probability of flood occurrence (Dai et al.
2004). Quantitatively, the correlation between the flood occur-
rence and its dependency on other variables is described as:

p ¼ 1

1þ e−z
ð1Þ

where p is the probability of flood occurrence and ranges from
0 to 1. The value p is the estimated probability of flooded
areas. The logistic regression considers fitting an equation of
the following outline to the data:

Z ¼ βo þ β1X 1þβ2X 2 þ ::::::::::::þ βnX n ð2Þ
where Z is the linear combination of the flood casual factors
Xi(i = 1, 2, ......, n), βo is the intercept of the model, and βi are
the parameters of the logistic regression model.

Results and discussions

Before beginning the logistic regression analysis, various statis-
tical methods are employed to guarantee that the regression as-
sumptions are valid. This is done through a series of testings
including (1) Pearson’s correlation between the independent var-
iables, the (2) multicollinearity test, and (3) heteroscedasticity
test.

Statistical validation analyses

Pearson’s correlation

Correlationmatrix has been generated using Pearson’s method
in order to measure the correlation between the independent
variable with each other, as shown in the Table 1. Each vari-
able correlates perfectly with itself, as an evidence by the
coefficients of 1.0 at the intersection of a particular variables’
row and column. A poor correlation exists between most of
the variables and indicates that most of the variables are inde-
pendent of each other. However, a moderate correlation ap-
pears between digital elevation model (DEM) and soil type as

765 Page 6 of 10 Arab J Geosci (2018) 11: 765



accounting for 0.64 (see Table 1). This indicates an existence
of a multicollinearity between the DEM and soil type vari-
ables, as these two variables are linearly related with one an-
other. This correlation may result in the problem of logistic
linear parameter estimation.

Multicollinearity test

Multicollinearity test is an important step in flood susceptibility
mapping. Multicollinearity means an existence of a linear rela-
tionship between some or all explanatory variables of a regres-
sion model (Gujarati 2004). The presence of a linear relationship
between factors can cause a division-by-zero during regression
computation. This problem can cause the calculations to be false,
and the logistic parameters are incorrect and or inexact; dividing
by a small number will disrupt the results.

Multicollinearity is a technique in which two or more inde-
pendent variables in a logistic regression model are highly cor-
related. It means that one variable can be predicted linearly from
the others with a significant level of accuracy. Multicollinearity
does not decrease the reliability and prediction power of the
model. It only affects estimations related to individual predictors
(Gujarati 2004).

Different methods can be used to detect multicollinearities,
such as variance inflation factors (VIF), pairwise scatter plots,
and eigenvalues in a correlation matrix. In this study, VIF is used
to detect multicollinearity for each flood conditioning parameter.
In statistics, the VIF measures the strictness of multicollinearity
in terms of an ordinary least squares regression. It is represented
by an index that calculates howmuch the variance of an estimat-
ed regression coefficient is augmented because of
multicollinearity. The VIF factor for βi (Eq. 2) can be calculated
from the following formula:

VIFi ¼ 1

1þ Ri
2 ð3Þ

where Ri
2 is the coefficient of determination of the regression

equation (Eq. 3). If VIF is more than 10, then multicollinearity
is high (Kutner et al. 2004). If this condition is not met (i.e., VIF
greater than 10), then the general linear model is not applicable

and cannot be considered for the process of information estima-
tion (Gujarati 2004).

Table 1 shows that VIF value for all independent variables is
less than (5), which means that the value of VIF for all indepen-
dent variables is free of a multicollinearity issue. Therefore, all of
these variables must be included and tested in the logistic regres-
sion, as each variable may have an effect of the flood.

Heteroscedasticity test

The assumption of homoscedasticity (meaning Bsame
variance^) is central to the logistic regression model.
Homoscedasticity means that the error is the same across all
values of the independent variables. Heteroscedasticity exists
when the size of the error term varies between the values of an
independent variable. In this study, Eicker–Huber–White stan-
dard errors (also Huber–White standard errors or White stan-
dard errors) will be used to calculate the standard error of the
regression (Eicker 1967; Huber 1967; White 1980; Kleiber
and Zeileis 2006). Heteroscedasticity-consistent (HC) stan-
dard errors are employed to permit the fitting of a model that
incorporate heteroscedastic residuals. When the HC standard
error is less than 5%, the regression estimation considered a
heteroscedastic problem. Table 2 shows that the standard error
of regression is (0.167), which is greater than (5%); this

Table 1 Pearson’s correlation matrix among the independent conditioning variables, and VIF multicollinearity values

LULC Rainfall amount Soil type Flow accumulation DEM Topographic slope

LULC 1.0

Rainfall amount − 0.0178 1.0

Soil type 0.218754 − 0.355 1.0

Flow accumulation − 0.15394 − 0.1961 − 0.0137 1.0

DEM 0.115976 − 0.1861 0.64573 − 0.1938 1.0

Topographic slope − 0.22588 0.11736 − 0.2839 0.05264 − 0.0855 1.0

VIF 1.005 2.125 1.138 1.04 1.308 1.221

Table 2 Logistic regression coefficients

Independent variables (β) coefficient statistics-t Sig. R

Land cover-land use (LULC) 0.1690 1.030 0.304

Rainfall amounts (mm) 0.0372 2.920 0.004

Soil type 0.0348 0.773 0.440

Flow accumulation 0.0066 3.310 0.00

DEM (meters) − 0.0075 − 0.681 0.046

Topographic slope (in degrees) 1.0483 1.895 0.020

C − 1.4054 0.0106 0.991

White (standard error of regression) 0.167

Probability (F-statistic) 0.000

R2 0.91
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indicates that the logistic regression is free from any
heteroscedastic problem (Gujarati 2004).

Logistic regression estimation

In the logistic regression, a mathematical equation was formu-
lated. EViews 10 software is used for the logistic regression
analysis. The coefficient of the related decision variable
(LULC, rainfall amount, soil type, flow accumulation,
DEM, and topographic slope) is shown in Table 2 and Eq. 4.
These factors were used to predict the flood in GIS to obtain
the probability map. A positive sign value for a specific deci-
sion variable means that the effect of the variable increases the
possibility of flood occurrence. On the other hand, a negative
signmeans that the presence of the decision variable decreases
the probability of flood occurrence (Chauhan et al. 2010).

Z ¼ 0:169� LULCð Þ þ 0:0372� Rainfallð Þ
þ 0:0348� Soil typeð Þ
þ 0:0066� Flow accumulationð Þ
þ −0:0075� DEMð Þ
þ 1:0483� Topographic slopeð Þ−1:4054 ð4Þ

The logistic regression coefficient values are shown in
Table 2. The coefficient of determination (R2) for the re-
gression model was found to be 91%. This indicates that
the existence of the considered independent variables ex-
plains 91% of the flood occurrence (see Table 2). Table 2
also shows that significant level (Sig. R) for all indepen-
dent variables was calculated from the logistic regression
model. The notable influence on flood occurrence can be
es tabl i shed wi th the s igni f icant fac tor (Sig . R )
(Papadopoulou-Vrynioti et al. 2013). If a conditioning fac-
tor has a Sig. R-value less than 5%, then this conditioning
factor considered statistically has a high effect on the
flood. The results show that the flow accumulation, topo-
graphic slope, rainfall amount, and DEM are most
influencing variables with values of (0.00), (0.002),
(0.004), and (0.046), respectively. Other independent var-
iables, such as LULC, and soil type have less impact on
flood occurrence as the others.

Validation of the flood susceptibility map

In flood susceptibility analysis, it is important to locate
areas that may be impacted by future floods. Regardless
of the method used for validation, it is important to validate
the susceptibility maps with regard to unknown future
flood (Chung and Fabbri 2003). Here, the known flood
areas from past years which have not been used in the

model training were used to validate the flood susceptibil-
ity map (Fig. 6). For the validation technique, receiver
operating characteristics (ROC) method is used to find
the accuracy of the produced flood susceptibility map
using the logistic regression (Pradhan and Lee 2009;
Omid Rahmati et al. 2016). ROC method calculates the
success and prediction rates of the flood susceptibility
map based on data on previous flood events. The success
rate shows how accurately the LR model performed with
the training data. The prediction rate shows how accurately
the model can forecast the affected flood areas. The suc-
cess rate is obtained if the AUC is calculated using the
training dataset. The prediction rate is calculated when
the AUC is obtained using the testing dataset. Validation
was conducted by comparing the flood susceptibility map
using area under curve (AUC) method of the ROC against
known flood dataset. The AUC of ROC illustrates the cor-
rectness of a prediction model by finding the capacity of
the technique to calculate the occurrence and non-
occurrence of a flood from pre-defined historical data and
areas (Pourtaghi and Pourghasemi 2014). The AUC is used
to assess qualitatively the flood susceptibility prediction
accuracy (Pradhan 2010). The relationship between the
AUC and prediction/success accuracies of the flood sus-
ceptibility map can be described into the following catego-
ries: 0.6–0.7 (average), 0.7–0.8 (good), 0.8–0.9 (very
good), and 0.9–1.0 (excellent) (Yesilnacar 2005). The
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ROC curve for the logistic regression is shown in Fig. 7,
with AUC about 81 and 76% of prediction and success
accuracies, respectively.

Summary and concluding remarks

Flood is a major natural tragic phenomenon in the Gaza Strip,
while many measures are considered to mitigate it. Therefore,
predicting future flood by producing flood susceptibility map-
ping is an important step for reducing flooding impacts for land
and watershed sustainable developments. The objectives of this
paper are to: (1) produce flood susceptibility map for Gaza Strip
southern watersheds using logistic regression model, (2) estab-
lish the most effective variables for the occurrence of a flood,
and (3) assess the efficiency of the flood susceptibility map.

A flood inventory comprises 140 flood locations that were
identified using GPS and field surveys by the PalestinianWater
Authorities. The 140 locations were divided into 70% and 30%
for the purpose of modeling and validation, respectively. To
obtain the susceptible map, six conditioning factors (rainfall
amount, soil type, land use/land cover, flow accumulation, to-
pographic slope, and DEM) were produced using a GIS data-
base. Three different statistical techniques were used to guar-
antee that the regression hypothesis is valid. The validation
techniques were Pearson’s correlation, multicollinearity, and
heteroscedasticity tests. Logistic regression was employed to
find the most influencing variables of the occurrence of a flood.
Finally, the AUCmethodwas used on the validation data to test
the flood susceptibility mapping accuracy. The success and
prediction rates were quantitatively measured by the logistic
regression model. The largest area under curve representing
the prediction and success rate were 76 and 81%, respectively.
The result of the AUC indicates a very good accuracy of the
flood susceptibility map.

One of the objectives of this paper is to find the most
influencing variable of flood occurrence. Based on the results

of the logistic regression model, the order of the flood condi-
tioning factors was flow accumulation, topographic slope,
DEM, rainfall amount, LULC, and soil type. The most signif-
icant factor is the flow accumulation, while as the least signif-
icant factors are LULC and soil type.

It was found that the southern Gaza governorates are falling
under a medium susceptibility index. In general, the western
part of the study area had medium–high flood susceptibility,
whereas the eastern part had low–medium flood susceptibility.
This paper shows that the utilization of flood susceptibility
map is a useful basis in taking preventive actions to mitigate
floods and land-use planning. In the areas which fall under
medium–high flood susceptibility, it is necessary to avoid
constructing basements or underground parking lots.
Alternatively, authorities should adopt various options to keep
houses safe and protect against basement flooding. However,
the flood susceptibility map may be less useful on small site
scale, where geographic heterogeneities may exist. It is rec-
ommended to include more validation data to improve model
accuracy and generalize its applicability.
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