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 Flood risks in Artvin, Turkey, have become a critical concern due to the long-term economic, 
social, cultural, and environmental damages caused by flood-related disasters. Given this, it is 
essential to utilize reliable methods for flood prediction. Artificial Neural Networks (ANNs), 
adept at reacting to rapid changes in rainfall, are employed as a machine learning approach to 
provide valuable flood information for urban areas. This study aims to develop an accurate 
and timely flood prediction model for Artvin using daily average rainfall data from 58 weather 
stations between 2009 and 2016. Flow values for various locations in Artvin (Ardanuç, Arhavi, 
Artvin, Borçka, Hopa, Murgul, Şavşat, Yusufeli) are calculated using the rational method. ANNs 
were trained with daily rainfall data and consecutive rainfall inputs from 1 to 7 hours to 
predict flow values. The model’s performance, with 75% of the data used for training and 25% 
for validation, showed an error ratio of 0.225 and high prediction accuracy for flow values, 
exceeding 20 m³/h in most locations except Hopa. The R² results for 1–7 hours indicated high 
performance (0.643-0.725), suggesting effective warning times of 3–5 hours for Artvin. The 
study also highlights the increasing necessity for flood management strategies in the Eastern 
Black Sea Region, particularly Artvin, which has experienced severe flash floods and 
significant flooding events since 2017. The region’s frequent and intense rainfall, exacerbated 
by global climate change, underscores the urgent need for robust monitoring, early warning 
systems, and comprehensive flood mitigation plans to address drainage, land management, 
and safeguard infrastructure. Effective warning systems that provide real-time estimates of 
rainfall and flow are crucial for timely preventive measures. 
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1. Introduction  
 

Flood-related disasters, which compose 40% of all 
disasters that happen in the world [1-2], occur in 
different regions of world and affect people negatively as 
well as cause loss of life and property [3]. Residential 
areas, human safety and well-being, health and nutrition, 
water and sanitation, education, agriculture, and 
infrastructure can all be disrupted or damaged, affecting 
the basic needs and services of the affected population 
[4]. The flood occurring in the Arno River Basin in Italy 
caused an economic loss of 15.5 billion Euros [5]. 
Between 1959 and 2005, there were 4.586 fatalities in 
the United States attributed to flood events. The years 
with high numbers of fatalities coincided with floods 
caused by tropical systems or sudden flash floods [6]. 
Furthermore, 6.8 million people lost their lives in the 
flood-related disasters during the 20th century [7]. Out 
of these, 50% of these casualties occurred in the Asian 
countries, only in the last quarter of the 20th century [7]. 

In Turkey, the frequency of meteorologically-induced 
disasters has been increasing every year, with floods and 
inundations being among the most frequently 
encountered incidents. In their study, Gürer and Uçar [8] 
determined that approximately 3250 flood events were 
recorded in the flood inventory analysis for the period 
1955–2020. When evaluating the spatial distribution of 
these events, the Black Sea Region, Eastern Anatolia, and 
the Mediterranean Region are identified as having high 
flood risk. When examining flood events that occurred 
between 1948 and 2023 in Turkey, it was determined 
that the highest number of flood events, based on regions 
and subtypes of floods, occurred in the Black Sea Region 
[8]. Since 1948, the total economic damage caused by 
floods in Turkey has exceeded 2.793 billion US dollars 
[9]. Taking all these assessments into account, the global 
impacts of floods are negative, and their increase is 
expected to continue as long as climate change persists 
[10]. 
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Flash flood events are caused by heavy rainfall, as a 
result of storms and hurricanes. Small temporal and 
spatial scales on which these flash floods occur make it 
difficult to observe and predict these sudden events [11]. 
With this in mind, factors such as the construction of 
monitoring and early warning systems, the formulation 
of preparatory plans, the establishment of a community 
based defense system, dissemination of flood control 
information and training are becoming a necessity [12-
13]. An effective warning system allows enough time to 
take necessary preventive measures, by making real time 
estimation of rainfall or flow values prior to the flood 
event [14]. Through evacuation measures, the risks that 
can endanger human life are thus minimized. For this 
purpose, many countries have attempted to predict flood 
disasters. For example, flood warnings in the United 
States are provided by comparing the rainfall amount 
with Flash Flood Guidance (FFG) values [15]. The Bureau 
of Meteorology in Australia has introduced a flash flood 
warning system called ALERT that is capable of detecting 
floods in large and small river basins, sending warning 
messages to authorities if rainfall intensity or flow level 
criteria are exceeded [16]. In the Rungkut region of 
Indonesia, an Internet of Things (IoT)-based flood 
disaster early detection system has been successfully 
implemented, seamlessly integrated with social media, 
enabling residents to access the latest information on 
flood conditions and ensuring a safer and more 
comfortable environment [17]. The Machine Learning 
(ML), Artificial Neural Network (ANN) has been among 
the most commonly used methods in recent studies on 
flash flood events [18, 19, 20, 21-22]. Çubukçu et al. [23] 
stated that there are more than 48 research articles in the 
Scopus database utilizing ANN models for maximum flow 
forecasting. Byaruhanga et al. [24] found in their study 
conducted using Scopus and Web of Science electronic 
databases that time series models (TSMs) were the most 
frequently used models for flood prediction between 
1993 and 2010. However, they identified that ML models, 
especially ANNs, have been the dominant models from 
2011 to the present day. ANN is able to predict possible 
future flood events by using flow and rainfall information 
[25]. Many studies have previously used ANNs to 
estimate flood flow values, e.g. Çubukçu et al. [23], 
Campolo et al. [26], Artigue et al. [27], Cools et al. [28], 
Raja and Aydin [29], Lamsal and Vijay Kumar [30] and 
others. These studies have consistently shown that the 
performance of neural network models improves 
significantly with larger datasets. This enhancement in 
model performance allows early warnings to be issued 
within a few hours, which is crucial for effective disaster 
preparedness and response [31]. Early warning systems 
thus provide timely alerts, enabling decision-makers to 
take proactive measures such as evacuating residents 
from disaster-prone areas [30]. 

Artvin has been chosen as an important area for flood 
studies due to its location in Turkey's Eastern Black Sea 
Region and its high flood risk. The four major flash flood 
events that occurred between 2015 and 2017 highlight 
the seriousness of the flood risk in the region. The region 
usually experiences high-intensity rainfall events that 
lead to flash floods and landslides [32]. Artvin's 

geographical and climatic conditions, combined with its 
socio-economic activities, make it particularly vulnerable 
to flooding. The city relies heavily on agriculture and 
forestry, sectors that can exacerbate the impact of floods. 
Artvin has experienced a series of significant flooding 
events since 2017. The process began with a severe flood 
in Arhavi in July 2018, followed by a major flood in 
Yusufeli in July 2020, and another severe rainfall-
induced flood in Arhavi in July 2021. In September 2022, 
Arhavi faced another flooding event, and in October 
2023, widespread floods occurred in Arhavi, Borçka, and 
Hopa regions. The recurrent nature of these floods 
underscores the ongoing challenges related to drainage, 
land management, and the need for comprehensive flood 
mitigation strategies to safeguard the local population 
and infrastructure. The irregularity in the rainfall 
regimes, attributed to global climate change, has caused 
sudden and heavy rains, increasing the risk of flooding in 
cities [33]. It is becoming a key necessity to take 
precautions against flood risk and to minimize its 
damages given the long-term economic, social, cultural 
and environmental damages due to flood-related 
disasters in the city of Artvin. The aim of this study is to 
develop a flash flood forecasting system, so as to take the 
necessary measures in the city of Artvin, where the risk 
of flooding is high. For this purpose, the artificial 
intelligence-based ANN method was utilized. The study 
presents an innovative approach to flood forecasting in 
Artvin that has not been used before. Additionally, it 
evaluates flood risks using comprehensive 
meteorological data from 2009 to 2016, allowing for the 
analysis of long-term trends. By considering the unique 
geographical and climatic conditions of Artvin, the study 
develops locally applicable solutions and contributes to 
regional disaster management. These elements highlight 
the contributions of the study to scientific literature and 
practical applications, offering an innovative perspective. 
Additionally, it enhances community preparedness 
against flash flood events, ensuring the safety of local 
residents and holding the potential to minimize 
economic losses. In this way, it lays the groundwork for 
more effective measures to be taken against the 
increasing flood risks associated with climate change. 

 

2. Materials and Method 
 

2.1. Study Area 
 

The city of Artvin is located, at northeast of Turkey’s 
Black Sea Region on the border of Georgia, between 40° 
34’ 19.55”- 41° 31’ 29.62” north latitude and 41° 09’ 
25.41”- 42° 35’ 47.16” east longitude (Figure 1). The city 
of Artvin consists of eight districts, namely Ardanuç, 
Arhavi, Borçka, Hopa, Merkez, Murgul, Şavşat and 
Yusufeli (Figure 2). The presence of steep slopes make up 
the city's important topographic features. Approximately 
80% of the city is located over 1000 m above sea level, 
31.07% of this ratio covers areas over 2000 m [34]. There 
are three large mountain groups in Artvin and the 
surrounding areas: the Eastern Black Sea Mountains, the 
Mescit Mountains and the Yalnızçam Mountains. The 
biggest river in the city is the Çoruh River which runs 
from south to northeast. The most well-known branches 
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of the Çoruh River are the Barhal Creek in the east, the 
Murgul and Hatila (Atila) Creek in the southwest. The city 
of Artvin is located in the North Anatolian orogenic belt. 
The metamorphic series extending from the lower 
section of the Çoruh River towards the northeast through 
Sirya is the oldest area. The largest geological unit of the 
city is the upper Cretaceous volcanic series and the 
volcano-sedimentary series. The acid and neutral lavas 
and their agglomerates and tuffs, as well as red coloured 
marls and limestone plates in thin beds are included in 
this series. In addition, dacite, andesite, matches and 
quartz porphyries are in the series [35, 36-37]. The 
presence of semi-permeable volcanic rocks in the city is 
remarkable.  

The climate is moist and temperate. Winters are 
warm, while summers are hot and characterized by 
frequent heavy rain. Based on the data obtained from the 
Artvin meteorological station for the years 1949–2004, 
the annual total rainfall is 689 mm, and the average 
temperature is 12.2 °C The lowest rainfall occurs in July 
(30 mm) and August (28 mm), while the highest average 
temperature values are 20.6 °C and 20.7 °C, respectively, 
in the same months [38]. Observations from 2015 
highlight significant rainfall events in the region. For 
example, on August 24, 2015, the Hopa district 
experienced 30–50 mm of rainfall between 8:00 and 9:00 
pm. On November 11, 2015, the Borçka district recorded 
≥ 15 mm of rainfall at 4:00 pm. Additionally, on 
November 12, 2015, rainfall lasted for 7 hours, with 
values ranging between 5 and 10 mm. The study also 
emphasizes the susceptibility of districts such as Arhavi 
and Murgul to flash floods [32]. The development of 
these floods has been influenced by synoptic 
mechanisms, including warm northerly flows from the 
Black Sea and cool southerly flows from the land coasts, 
which contribute to the formation of deep convective 
cells and subsequent flash floods [39]. After 2015, the 
annual average total rainfall varied in 2018, 2019, and 

2020. The highest rainfall occurred in 2020. In terms of 
annual average temperatures, the highest temperature 
was recorded in 2018, while the lowest temperature was 
measured in 2020 [40]. Temperature and rainfall are key 
climatic factors that significantly influence the 
occurrence and intensity of flash floods. Elevated 
temperatures can enhance evaporation rates and 
contribute to the formation of convective storms, while 
high rainfall levels increase the likelihood of excessive 
runoff and flash flooding. The region is influenced by the 
Black Sea with moist air coming from the Çoruh River 
and the Cankurtaran Passage, and due to its high 
elevation, frequent rainfall and fog occur. 

The steep slopes, low infiltration, and high surface 
flow in the city lead to landslides after heavy rainfall. 
Among other factors that trigger floods in Artvin, the 
location of settlement areas in stream floodplains is 
particularly significant. Given the city’s steep terrain, 
planting deep-rooted trees is necessary to improve soil 
retention. However, tea cultivation is a major source of 
income for the city. Consequently, forest areas are 
converted into tea gardens, disrupting the natural 
balance of the land. Hydroelectric Power Plant (HPP) 
projects have also become popular in Artvin. The city and 
its districts host 15 dams and 166 river-type HPPs. The 
environmental damage caused by HPPs cannot be 
ignored; it disrupts river integrity and leads to habitat 
fragmentation. The stripping of soil at HPP construction 
sites deteriorates the natural balance of slopes and 
causes significant land damage. Rural settlements also 
lack adequate infrastructure to manage frequent floods 
and landslides. The discharge of wastewater into septic 
tanks results in the continuous saturation of the ground 
around houses. The rapid urbanization of the city, illegal 
land use, heavy rains from storms in and around Artvin 
all contribute to flooding and landslide events, leading to 
severe loss of life and property. 

 
2.2. Data Collected 

 

In this study, daily average rainfall values obtained 
from 58 meteorological stations between the years 2009 
and 2016 were used. The flood events of 2009 and 2016 
were specifically selected due to their significant impacts 
on the region and the availability of comprehensive data 
for these years, which enables a detailed analysis of the 
factors contributing to flooding. The data used in this 
study was obtained from the General Directorate of 

Meteorology. 8 of the meteorological stations are located 
in Artvin, 19 in Rize, 6 in Ardahan and 25 in Erzurum. 
Figure 1 shows the distribution of meteorological 
stations. In addition, the locations where the flow value 
is calculated are determined as the locations of the 
meteorological stations in the districts of Artvin (Figure 
2). The analyses were carried out using the R 3.1.0 
program (Ihaka and Gentleman, Auckland, New Zealand) 
and the related packages (gstat, rgdal, maptools, geo-R 
and neuralnet) [41, 42-43].
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Figure 1. Distribution network of meteorological stations across study area, with “value” referering to elevation (m). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
Figure 2. Locations of places where flow value is calculated in Artvin. 

 
2.3. Rational method 

 
In flood calculations, the flow value can be used as a 

variable. Therefore, the flow value used in ANN method 
is calculated for the above-mentioned locations 
determined in Artvin. The rational method is preferred 
for small city basins. It is an empirical linear equation 
used to calculate the maximum speed of flow. This 
formula is given in Equation 1. 

𝑄 = 𝑘𝐶𝑖𝐴  
 

Here 𝑄, is expressed as the highest surface flow rate, 
𝑐, rational method surface flow coefficient, 𝑖, rainfall 
density in mm/h, and 𝐴, is expressed as the drainage area 
in km2. The flow coefficient is the depth of the flow and 
the total rainfall depth ratio. 

𝐶 =
𝑅

𝑃
 

In Equation 2, 𝑅 represents the total flow depth, 𝑃, 
represents total rainfall depth. The flow coefficient refers 
to the rate at which rainfall is converted to flow. The flow 
coefficients used in the rational method were calculated 
using Thompson [44]’s provided values. 

 
2.4. Artificial neural network (ANN) 

 
ANN was developed to imitate the human brain 

through the implementation of mathematical models. It 
is a system that is inspired by the biological structures in 
the brain of people who can perform tasks such as 
information processing, learning and adaptation. The 
main element of the network structure is the neuron. 
Three layers of neurons containing different numbers 
form the most basic structure of the network. The first 
layer forms the input layer from which the external 
information is received; the last layer forms the output 
layer from which the results are obtained. There are 
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intermediate layers known as hidden layers between the 
input and output layers. The intermediate layers are used 
to process the information and send it to the output layer 
using the weighted values of the network. The efficiency 
of the ANN model depends on input variables and 
therefore it should be carefully integrated into the model 
[45]. Too much input increases the volume of the 
network structure and extends the training process. The 
weights indicate the effect of the information on the cell. 
It is known as a measure of the connection forces of the 
inputs. The learning function is carried out by changing 
the weights. The summation function calculates the net 
inputs from a cell. Mathematically, inputs can be 
displayed as (𝐼1 , 𝐼2, … ) and weights can be displayed as 
(𝑤1, 𝑤2, … ). The summation function is obtained by 
increasing the weight component by each element of the 
input element. (𝐼𝑛𝑝𝑢𝑡1 = 𝐼1 ∗ 𝑤1, 𝐼𝑛𝑝𝑢𝑡2 = 𝐼2 ∗
𝑤2, …∑ 𝐼𝑛𝑝𝑢𝑡1 + 𝐼𝑛𝑝𝑢𝑡2). In short, it is defined as the 
sum of the inputs multiplied by the related weight. The 
activation function processes the net input which comes 
to the cell and determines the output that the cell will 
generate against this input. Different formulas are used 
to calculate the output. The function selected as an 
activation function depends on the data of the neural 
network and what it wants to learn. In addition, 
activation functions allow output values to remain within 
certain limits. The outputs in the network structure are 
expressed as the output value determined by the 
activation function [46]. 

The output of each is obtained by computing the value 
of the activation function with respect to the product of 
the input vector and the weight vector, minus the value 
of the bias associated with that node. A network with one 
hidden layer and 𝐾 outputs can be expressed as shown in 
Equation 3. 

𝑓𝑘(𝑥, 𝑦) = 𝑤𝑘0 +∑𝑤𝑘𝑗𝑔 (𝑤𝑗0 +∑𝑤𝑗𝑖𝑥𝑖

𝑝

𝑖=1

)

𝑞

𝑗=1

 

where 𝑝 is the number of inputs, 𝑞 is the number of 
nodes in the hidden layer, 𝑔 is the activation function of 
the hidden layer nodes and 𝑥 and 𝑤 are the weights. The 
indices 𝑖 and 𝑗 correspond to the output node and hidden 
layer nodes, respectively. However, ANNs are rarely 
expressed as such since the equation is not interpretable.  

Before an ANN can be used to perform any desired 
task, it must be trained. During this process, the weights 
𝑊 are determined in order to minimise the error 
between the inputs and the outputs in the training 
dataset. The formula used in the calculations is given in 
Equation 4. 

𝐸𝐷 =∑(𝑡𝑖 − 𝑎𝑖)
2

𝑛

𝑖=1

 

where 𝐸𝐷 is the sum of the error square between the 
targets 𝑡 and the ANN response 𝑎 for 𝑖 observations in the 
input-output dataset. The training input data is in the 
form of vectors of input variables or training patterns. 
Each element in an input vector corresponds to an input 
node in the network input later; therefore the number of 
input nodes is equal to the dimension of the input 
vectors, i.e. the number of independent variables. The 
total available data is divided into a training set, a 
validation set (75%) and a testing set (25%). The training 
set is used for estimating the weights whilst the 
validation set is used to help stop the training process 
else the ANN may overfit the data and lose its ability to 
generalise to an unseen dataset. Then the network is 
tested on an unseen dataset, i.e. the testing set, in order 
to measure the performance of the network. ANN 
structure must be tested to see if the error level is within 
acceptable limits. For this purpose, the process steps are 
repeated until a low error rate is achieved. 

 

3. Results and discussion 
 

Figure 3 shows daily average rainfall between the 
years 2009–2016. When the graph is examined, the red 
dots indicate the average daily rainfall values higher than 
the average. Moreover, it is noteworthy that the average 
daily rainfall values are at the highest values for 23-09-
2009, 24-08-2015, 12-11-2015, 25-08-2016 in which 
flood disasters occur in the city of Artvin. Using daily 
average rainfall in ANN model is important because of its 
usage as input. The locations in which the weather 
stations are located in the districts of Artvin were 
determined as the locations where flow values are to be 
calculated. The reason for this, the flood events in 23-09-
2009, 24-08-2015, 12-11-2015, 25-08-2016 affected 
significantly, particularly Hopa, Arhavi, Borçka, Murgul 
districts as well as other districts of Artvin City. Damages 
caused by the floods can be seen in the district center and 
its vicinity. These locations were defined as input data in 
the ANN structure. Calculation of the flow value for the 
locations of meteorological stations in the districts of 
Artvin constitutes the first step in the analysis. The flow 
value was calculated by taking into account the daily 
average rainfall values between the years of 2009–2016. 
The flow value (m3/h) calculated for the designated 
locations is defined as the output data in the ANN 
structure. In addition, time data is another input data 
defined in ANN structure. Time is the time interval 
determined to calculate how many hours before the flood 
event it can be estimated before it occurs. 

 

(3) 

(4) 
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Figure 3. Graph showing average daily rainfall values for between the years 2009–2016. 
 

In this case, the inputs were determined as location, 
rainfall and time. The location is defined in the network 
structure as a categorised variable. Rainfall is a 
continuous variable and it forms daily average rainfall 
values. The time was categorised for the time before the 
flood event, between 1–7 hours. The network structure 
consists of 2 hidden layers, with 4 and 2 nodes 
respectively. The output in the network structure 
represents the calculated flow value (m3/h) for the 
selected locations. In the structure of the network, 75% 
of the data is used for training, 25% is for testing. The 
system was repeated 47.291 times to train the network 
structure. During the training, the process was repeated 
until the error rate of 0.225 was obtained. The aim here 
is to train the network structure until the lowest error 
rate is achieved. The ANN structure computed during this 
study is given in Figure 4. The performance result of the 
model was evaluated. In addition, the performance 
results were calculated for each hour, for a period of 1 
and 7 hours prior to the event happening. Figure 5 shows 
the state of the observed flow value and the estimated 
flow value relative to each other. For most locations, the 

model reaches a threshold, after which the flow values 
stagnates, showing that the model is unable to predict 
values after this threshold is achieved. This threshold 
value however remains above 20 m3/h, which suggests 
that the model is able to predict high flow values and thus 
is able to predict a potential flood event for these 
locations. With the exception of Hopa district, all the 
other districts, namely Ardanuç, Arhavi, Artvin, Borçka, 
Murgul, Şavşat, Yusueli showed high performance from 
the model. R2 values of these districts are above 0.50. The 
highest values are observed 0.75 for Ardanuç and 0.74 
for Borçka. The reason for the very low estimation for the 
district of Hopa is that the behaviour of the small basins 
is different. Instead of creating a model for the whole 
work area, it would be more appropriate to create a 
separate model for Hopa. Moreover, Hopa district is one 
of the districts most affected by floods. The joint 
evaluation of other special characteristics of this area 
may lead to high estimation results. 
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Figure 4. Artificial Neural Network (ANN) structure in the study. 
 

Figure 5 shows the state of the observed flow value 
and the estimated flow value relative to each other. For 
most locations, the model reaches a threshold, after 
which the flow values stagnates, showing that the model 
is unable to predict values after this threshold is 
achieved. This threshold value however remains above 
20 m3/h, which suggests that the model is able to predict 
high flow values and thus is able to predict a potential 
flood event for these locations. With the exception of 
Hopa district, all the other districts, namely Ardanuç, 
Arhavi, Artvin, Borçka, Murgul, Şavşat, Yusueli showed 

high performance from the model. R2 values of these 
districts are above 0.50. The highest values are observed 
0.75 for Ardanuç and 0.74 for Borçka. The reason for the 
very low estimation for the district of Hopa is that the 
behaviour of the small basins is different. Instead of 
creating a model for the whole work area, it would be 
more appropriate to create a separate model for Hopa. 
Moreover, Hopa district is one of the districts most 
affected by floods. The joint evaluation of other special 
characteristics of this area may lead to high estimation 
results.
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Figure 5. Graphical representation of estimated and observed flow values in locations determined in the city of Artvin. 
 

The results of the performance measurements for 1–
7 hours period before the flood event is provided in Table 
1. Accordingly, the R2 performance values for the time 
periods of 3–5 vary between 0.643-0.759. 

Table 2 shows the times of concentration for each 
location. These were 3 hours for Borçka, Şavşat and 
Arhavi districts. According to this, it can be stated that the 
times of the concentrations for the Artvin districts range 
between 3 and 5 hours. 
 

 
Table 1. Performance results for 1–7 time interval for floods. 

 

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

Performance 
Measurements 

Lt 

1 2 3 4 5 6 7 

R2 0.615 0.451 0.643 0.759 0.725 0.630 0.572 
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Table 2. Status of the required time in locations. 

 
4. Conclusion  
 

Recent studies indicate that increased flood risks in 
various regions are significantly influenced by changes in 
rainfall intensity [47, 48], global warming, and land 
modifications. Variations in rainfall intensity or amount 
are leading to more frequent floods in coastal cities [49, 
50], which are also affected by rising sea levels and a 
higher incidence of tropical storms due to global 
warming [51, 52]. Additionally, land modifications at 
various scales exacerbate vulnerability to flood risks; for 
example, urbanization and deforestation heighten flood 
hazards in smaller catchments [53, 54]. The effects of 
climate change on this study not only increase the 
frequency and intensity of flood events but also 
complicate their prediction. Changing climatic conditions 
create uncertainties in rainfall patterns, which can affect 
the accuracy of forecasts. Therefore, it is important to 
consider the impacts of climate change in the accurate 
assessment and prediction of flood risks. Climate change, 
including atmospheric warming, further alters the 
frequency and intensity of extreme hydrological events, 
thereby amplifying flood risk [55]. Baudhanwala et al. 
[56] emphasized that, in light of the increasing impacts of 
these events, the complex interaction between rainfall 
characteristics and flood dynamics has become an 
important area of research. 

In Turkey, studies on flash-flood related events have 
demonstrated an increase in the number of disasters 
attributed to rainfall [57, 58, 59, 39-60]. Specifically, 
orographic rains, which occur when steady air masses 
from northern and Western Europe pass over the Black 
Sea [61], play a significant role in the frequent occurrence 
of flood events in the Black Sea Region. For example, on 
24 August 2015, flash floods in the city of Artvin resulted 
in severe losses to both life and property [39]. Similarly, 
during the flood disaster on November 11–12, 2015, high 
losses of life and property were reported, especially in 
Borçka, Murgul, Arhavi, and Hopa. Artvin has been 
affected by flooding events due to heavy rainfall in 
several instances: in July 2018 in Arhavi, July 2020 in 
Yusufeli, July 2021 in Arhavi, September 2022 in Arhavi, 
and in October 2023 in Arhavi, Borçka, and Hopa regions. 
Additionally, in July 2024, torrential rains in Yusufeli 
district caused flash floods in the morning hours in 
Esendal village. Flood events occurred during 
midsummer and autumn, when the amount of rainfall 
increased. This situation demonstrates that rainfall is the 
most significant factor affecting flood events. Akinci [62] 
also emphasized in his landslide susceptibility study 
conducted in the Artvin study area that landslides are 
most common during these months. Mehda et al. [63] and 

Kantharia et al. [64] emphasized the necessity of rainfall 
data for flood forecasting in their studies. In this study, it 
is assumed that the meteorological data from 2009 to 
2016 accurately reflects the rainfall patterns in the 
Eastern Black Sea Region, particularly in Artvin. This 
assumption is critical for the model's ability to predict 
future flood events based on historical data. 
Furthermore, it is posited that the ANN method can 
effectively capture the complex relationships between 
rainfall and runoff values, as well as the occurrence of 
floods. 

The topographic and land use spatial characteristics 
of Artvin are significant factors influencing flood events 
in the region. Turgut and Turgut [40] reported that 
elevation values in Artvin range from the lowest in the 
Çoruh riverbed to up to 3.400 m in mountainous areas. 
They noted that areas within the 1.400-1.750 m elevation 
range represent the largest portion of the city, 
accounting for 20.1%, while areas within the 3.100-3.500 
m elevation range correspond to the smallest areas. 
Steep terrain is common, with 42% of the city having 
slopes greater than 45% [40]. This situation 
demonstrates that the high mountainous terrain and 
rugged topography play a decisive role in how rainfall 
moves across the land surface and how water 
accumulates. According to Coordination of Information 
on the Environment (CORINE) 2018 land cover data, 
Artvin consists of bare rocks (3%), plant change areas 
(9%), agricultural land (16%), forests (30%), and natural 
grasslands (33%) [65]. Among these land cover types, 
the lack of vegetation cover and the potential of 
agricultural lands to accelerate surface water runoff 
contribute to an increased risk of flooding in Artvin. 
Beyond rainfall, topography, and land use, Artvin's 
geomorphological and lithological conditions, soil 
characteristics, humidity, and vegetation contribute to 
the frequent occurrence of flood events in the area. Given 
these conditions, it has become crucial to implement 
necessary measures to minimize damage from floods. 
The use of the ANN method in this study is important 
because it provides valuable information about potential 
floods, especially in residential areas, as it can quickly 
respond to rapid changes in rainfall [5, 7, 66, 67, 68-69]. 
Gunduz and Zeybekoglu [70] emphasized the importance 
of evaluations within the scope of modern disaster 
management approach for identifying risks and hazards, 
and for taking all necessary precautions. Thus, it can 
ensure that technical, legal and managerial precautions 
are taken in order to deal with the possible rapid flood 
disasters, with minimum damage and physical losses. In 
this case, the emergency measures that can be taken for 
the flood are better planned and applicable [71]. 
Policymakers can use this information to create targeted 
disaster preparedness plans, allocate resources 
effectively, and implement community-based 
interventions that enhance local resilience. ANN models 
can give a flood warning even a day before if enough 
accurate prediction models can be provided. Achieving a 
sufficiently accurate flood model ensures the emergency 
measures, which can be taken for floods, to be better 
planned and feasible. This will help the country 
managers to produce healthy policies and contribute to 
the national economy. In recent years, considering the 

Location Time of Concentration 

Borçka 3 

Hopa 2 
Şavşat 3 
Arhavi 3 
Murgul 1 
Yusufeli 7 
Artvin 5 



Turkish Journal of Engineering – 2025, 9(2), 189-201 

 

  198  

 

increasing prevalence of hazardous events (floods, 
droughts, soil erosion, and earthquakes), it is clear that 
such models are crucial for reducing loss of life and the 
socioeconomic impacts of these hazards [72]. 

Ibarreche et al. [73] introduce an early warning 
system for flash floods implemented in the Colima region 
of Mexico. The system sends email notifications to users 
with access to the system and aims to provide critical 
real-time information about flash flood events, giving 
people the minutes needed for evacuation before the 
event occurs. A concentration time of 3 to 5 hours has 
been determined. This duration demonstrates that the 
system's flood risk predictions and the time available for 
taking necessary measures are adequate. Ghanbari et al. 
[74] have developed an effective and highly accurate 
flood warning system for short-term predictions by 
integrating internet technologies, artificial intelligence, 
and hydraulic modeling methods in the Behesht-Abad 
watershed in Chaharmahal and Bakhtiari province, Iran. 
They have demonstrated the system's effectiveness in 
both flow predictions and spatial flood risk management. 

The estimation flow values for the selected locations 
(except for Hopa) in this study increased above the 
threshold value after 20m3/h. When the results were 
evaluated, the time of concentration of 3 to 5 hours was 
chosen as the appropriate time period. This 
concentration time is consistent with the results of 
Ibarreche et al. [73]. The time calculated in this study is 
sufficient to take necessary measures. In the literature, 
the time required for effective preparation in case of flash 
flooding is given as approximately 2 hours [27, 28, 29-
73]. In addition, the most important advantage of the 
ANN method is that it can accomplish with a small 
number of variables and information about hydrology 
which is necessary for modelling the flood dynamics. A 
similar study was conducted by Dtissibe et al. [75]. They 
developed an ANN model for flood forecasting using flow 
data as input and output variables. The model has a good 
generalization capacity and is able to successfully predict 
flood peaks with a 1-hour forecasting horizon, 
demonstrating good performance with low prediction 
errors. The researchers indicated that the model is an 
effective and reliable method for flood forecasting.  

This study has developed an important model for 
flood forecasting in the Artvin region, and the results 
obtained provide a valuable foundation for future 
research. The use of the ANN method demonstrates an 
effective and valid approach to predicting flash flood 
events. In particular, the model's ability to consider 
complex dynamics such as climate change and the effects 
of precipitation is crucial for accurately assessing flood 
risks. In the study, the rationale for selecting a duration 
of 1-7 hours is that this time frame is critical for flood 
predictions. During this period, sudden rainfall and 
related hydrological events can be observed, enhancing 
the effectiveness of early warning systems. Additionally, 
the literature generally indicates that this range is 
necessary for effective preparation. Therefore, the study 
aimed to shape emergency response plans more 
effectively. However, there are some limitations to this 
study. Firstly, the meteorological data used only covers 
the years 2009–2016, which may impose constraints on 
the analysis of long-term trends. Although the model's 

prediction error remains at a certain level, the accuracy 
of predictions may be adversely affected by sudden and 
extreme weather conditions. Additionally, since only 
daily average rainfall data was used in the study, the 
exclusion of other climatic factors, such as temperature 
and wind speed, may narrow the scope of the results. 
These findings may contribute to the development of 
more effective flood management strategies in the 
region. 

Floods are one of the worst environmental disasters 
that affect both civilization and the environment on a 
global scale. They destroy not only social and 
environmental assests but also human lives [76]. For this 
reason, the development of such models is valuable for 
reducing the economic and environmental impacts of 
floods. With this study, it has been shown that ANN can 
be used as a valid and effective approach to predict flash 
flood events. In conclusion, by integrating these 
advanced predictive tools into disaster management 
strategies, communities can enhance their preparedness 
and resilience against future flood risks.  
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