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Flooding is one of the most dangerous natural disasters that can cause irreparable
damage to human societies. Accurate flood prediction is essential for reducing
damages and better planning. This study describes the potential application of long
short-term memory (LSTM) neural network, an example of deep learning neural
network architecture, for explicit spatial prediction and mapping of flash flood
probability. These models were trained based on hydrological and meteorological
data and their performance was evaluated using various criteria. The performance of
this model seemed to provide stronger results than classical statistical models, but
due to the shortcomings and large number of inconsistent data in central Iran, which
usually refers to the spatial dispersion of stations and measurement errors and the
lack of metadata, and their access is also somewhat difficult. On the other hand, the
main river of the basin has a seasonal nature and due to the prevailing climatic
conditions, the frequent occurrence of zero discharge values causes uncertainty and
error in the model training process. Using historical hydrometric station data from
1991 to 2024, in order to estimate the baseline conditions as well as the precipitation
data of the corresponding meteorological stations, advanced methods such as
extreme gradient boosting (XGBoost), Shapley incremental description analysis
(SHAP), and analysis of variance (ANOVA) were used to determine the most
important factors affecting the river flow. The findings showed that the most
appropriate scenario for parameter selection is the M7 scenario, in which the current
day's discharge with a time delay of two days ago and precipitation data from only
two stations "Aligoli Bardestan" and "Faizabad" were used instead of using data from
9 basin stations; this scenario provided a favorable performance with a Nash
coefficient (NSE) equal to 0.6 in the test phase and 0.5 in the training phase.
However, the presented prediction showed that the model faced challenges in
estimating peak discharges and tended to greatly underestimate peak discharges due
to the large number of zeros. This shows that although neural network models are
powerful tools for hydrological modeling, they are suitable for modeling normal time
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series of water flow and general trends, and are not sufficient for accurate flood peak
i prediction alone and only when supplemented with data corrections, error function
| modification, or combination with other methods (physical models, peak
classification, or quantile/ensemble models) become safe for more advanced
methods such as flood warning.

1. Introduction

Floods are one of the most devastating hydrological hazards that can cause serious damage to infrastructure,
human settlements, and natural resources in the shortest possible time. Estimating the probability and
severity of floods requires accurate analysis of historical data including precipitation, temperature, river
water level, and soil moisture. In recent years, the application of artificial intelligence and intelligent
optimization methods in water engineering has emerged as one of the leading research fields. The increasing
need to design efficient systems, reduce operating costs, and increase the safety of water structures has led
to data-driven models and predictive approaches finding a special place in the analysis, design, and
management of water resources. Especially in areas such as water supply networks, transient flow behavior,
determination of material properties, and flood management, the use of artificial intelligence models has
been feasible and effective.Since the 2010s, flood forecasting has been mainly based on classical statistical
models; however, with the expansion of large and complex hydrological data, machine learning methods
have gradually replaced traditional methods. Since 2020, deep learning, with the ability to automatically
extract features from data, has become one of the dominant approaches in predicting hydrological time
series, and several studies have emphasized the superior performance of these models (Li et al., 2021; Wang
etal., 2022; Zhang et al., 2023).As a first step, the use of optimization methods in the design of water supply
systems has been considered. The research work of Kianfard and Ahadiyan (2016) showed that optimizing
water supply networks under pressure and transient flow not only reduces pressure drop and energy
consumption, but can also lead to a more economical design with more reliable performance for the
network. This approach demonstrates the effective role of intelligent algorithms and decision-making
models in hydraulic analysis and structural design. According to global reports, about 84% of natural
disaster losses are related to floods (Jamal et al., 2020). It is also estimated that economic losses due to
floods in many countries are about $60 billion annually (Convertino et al., 2019; Janizadeh et al., 2019). In
the last decade, the intensification of the effects of climate change has led to an increase in the frequency
and severity of floods; in some areas, more than 25,000 residential units were destroyed and about $2.5
billion in damage was caused to agricultural infrastructure and water resources in 2022-2023 (Heinz et al.,
2024; Spitalar et al., 2024). The first step in flood management is to identify and analyze the risk in flood-
prone areas; because this analysis enables preventive planning, damage reduction, and optimal resource
allocation. In line with this goal, there is a need for accurate and reliable tools that can estimate the time,
location, and extent of flood occurrence (Biotayel, 2019; Choubin et al., 2019). Initially, flood risk modeling
was performed with bivariate and multivariate statistical methods such as frequency ratio, weight of
evidence, and logistic regression (Khosravi, 2018). However, the simplicity of these models reduced the
prediction accuracy and ignored complex hydrological behavior. The importance of optimization in the
design of water distribution and transmission systems has also been highlighted in the study of Ahadiyan
et al. (2023). In this study, the dimensions of the agricultural water transfer system from Karun 3 Dam were
reviewed using analytical and optimization methods, and the results showed that the use of intelligent
decision-making models in large water transfer projects can reduce costs, increase efficiency, and reduce
water losses. The use of data-driven models in this area of water engineering is an important step towards
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improving engineering decision-making and resource management. Since the beginning of the 2020s,
machine learning models and then deep learning have been widely used to predict natural hazards such as
fire (Jafari et al., 2020), drought (Rahmati et al., 2021), earthquake (Alizadeh et al., 2022), erosion (Azare
et al., 2024), subsidence (Bouy et al., 2023), and landslides (Chen et al., 2024). This trend continued in
2024 and 2025, leading to significant improvements in model accuracy. The use of machine learning
methods in the analysis of material behavior and hydraulic systems has introduced a new generation of Al
capabilities. Sharififard et al. (2024) determined creep coefficients in viscoelastic pipes using a transient
flow-driven machine learning model. This intelligence-driven method has enabled more accurate analysis
of the dynamic behavior of pipes, prediction of structural performance, and improvement of design
capabilities. Al has also been applied in a practical and effective way in the field of flood risk management
and safety of hydraulic structures. In the study of Sajjadi et al. (2024), the redesign of emergency spillways,
fuse plugs, and flood warning systems was carried out using data analysis algorithms and intelligent
methods. The results of this study showed that Al models can predict floods more accurately and provide
cheaper and safer solutions to improve dam safety and reduce flood damage.With the development of deep
learning, semi-supervised models have been proposed that can use labeled and unlabeled data
simultaneously, thus increasing the accuracy of prediction. This approach has also been effective in the
field of flood prediction and has been able to reduce the limitations of traditional supervised methods (Daou
et al., 2020; Samin et al., 2021; recent works 2024-2025). Among deep learning models, long-short-term
memory (LSTM) networks have attracted much attention in recent years due to their special ability to learn
temporal patterns and analyze long-term dependencies. Although LSTMs have been used in many time
series applications such as hydroclimatology and river flow modeling, the use of these networks for spatial
mapping of flood probability is still in the research stage and few studies have been reported in this area
(Studies 2023; Studies 2024; Studies 2025). The results of these studies show that artificial intelligence in
water engineering is not only an analytical or computational tool, but also a data-driven decision-making
approach to improve design accuracy, reduce resource waste, and manage hydrological hazards. From the
design of water supply systems to flood forecasting, the introduction of machine learning models and
modern optimization has created a new path for the development of water technologies and increased the
level of resilience of hydraulic infrastructure.In summary, the need for new studies and a review of past
studies show that traditional statistical methods are not able to model the complexity of flood behavior and
that machine learning models perform better for complex behaviors, but require appropriate
characterization. Deep learning models, especially LSTM, have the ability to extract automatic features and
are suitable for time series data. Despite these advantages, the application of semi-supervised deep networks
for spatial mapping of flood probability is still emerging and requires more extensive research. Therefore,
the development of intelligent models based on semi-supervised deep learning, the design of data-driven
frameworks for areas without complete data, and the evaluation of models at a spatial scale are among the
necessities of future studies.

2. Materials and Methods

In this study, we used a type of deep learning neural network, namely long short-term memory (LSTM)
networks, which are well-suited for time series data and forecasting based on past trends, for spatial
prediction and mapping of flood probability. Despite the widespread use of this model, it has rarely been
used for mapping flood probability worldwide.The Taft Pishkouh watershed, which is geographically
located between latitudes 17'49°31' and 11'33°31' North and longitudes 14'51°53"' and 22'2°54" East, was
selected as the study area. This basin is located in Taft city and 30 kilometers from Yazd province. In the
present study, an attempt is made to evaluate the accuracy of data-driven artificial intelligence models for
predicting the discharge value at different stations of the Pishkooh basin in order to determine the optimal
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model for each station, and to determine the performance of each model in different parts of the basin. For
this purpose, only stations were selected to select the stations available at the basin level that were either
on the main branch of the basin river or on the branches of the upstream elevations of the basin that ultimately
affect the discharge of the basin, which makes it possible to track and examine the changes in flow discharge
along the river path. In this case, the performance of the aforementioned artificial intelligence models can
be evaluated at different elevations (from upstream to downstream). As a result, 9 stations were selected
for daily precipitation data and only 1 hydrometric station in Feyzabad was selected for flow discharge data,

3. Results

After the most effective scenario was determined using the optimal structure, the flow rate prediction was
performed by the LSTM model for the time series data from 1991 to 2024 for one day in the future, and
what can be seen from the prediction trend is that the values are very high from the beginning of 1991 (more
than 2 cases), but in the final period (2023—-2024) they reach almost zero, indicating a gradual decrease in
flow over the period. The most striking points in the difference between Predicted and Observed in the
entire data are that at high flow values (2 to 2.6) the model has an error of 20 to 40%, but at low values
(close to zero) the model is almost accurate and overall the model behaves conservatively compared to the
actual value (the predicted flow rate is always estimated to be lower than the observed flow rate). The
overall trend of water flow from 1991 to 2024 is decreasing and the actual maximum flow rate is about
30% higher than the prediction.

The results in all scenarios showed that the model struggled to estimate peak discharges and tended to
underestimate peak discharges due to the large number of zeros in the data. In other words, the model is
less accurate at high values but performs very well near zero. The mean error is small, so the predictions
are close to the actual data. The R? value of 0.55 indicates that the model is usable but not optimal. This
shows that although neural network models are powerful tools for hydrological modeling, they are highly
dependent on accurate and regular data and require long-term time series statistics.

From the results of the statistical analysis of the prediction model with respect to the actual data and the
evaluation of the model accuracy indices, it can be estimated that there was an average difference of about
0.4 units between the predicted and actual values (RMSE = 0.418), which is acceptable considering the
overall values (2 to 0). (MAE = 0.083), meaning that in the average case there was about 0.08 units of error,
which is considered a very low and good value. MAE smaller than RMSE indicates that we have a few
outliers. MSE = 0.175 is the mean square error and is sensitive to outliers. R = 0.55 means that the model
explains about 55 percent of the actual changes, and this value indicates a good average performance.

4. Discussion and Conclusion

Based on the presented results (time series data 1991-2024, one-day forecast, R* = 0.55, 20-40% error in
peak values and good accuracy in values close to zero, the tendency of the model to “under-predict” peak
discharges and a gradual decrease in discharge trend over the years), it can be concluded that the LSTM
model is a promising tool for this area, but it is not sufficient and optimal on its own, especially if the goal
is a flood warning mechanism or accurate peak estimation. The model is capable of modeling the overall
structure of the time series and low discharges, but it shows a significant weakness in estimating peak events
(high-risk from a flood perspective) that should be compensated by data/model corrections and completion.
Of course, if the goal is simply to "determine the general trend" or "manage water resources under normal
conditions," LSTM is perfectly suitable and practical, but if the goal is "flood warning" or "accurate
prediction of peaks," the situation is uncertain and requires correction, because underestimating the peaks
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is risky However, suggestions are made to improve the model performance in this regard to reduce the
estimation risk, including the following:

- Modifying the cost function to focus on peaks: weighting samples (sample weighting) or using a combined
cost function to give more weight to the error in peak values. (For example: weighting samples with
discharge > threshold or using Huber/Quantile loss for sensitivity to peaks).

- Increasing peak samples (data augmentation): Oversampling peak events or using SMOTE-like methods
for time series data to expose the model to more examples of peak patterns.

- Making the model two-stage (hybrid approach): The first stage is a classification model (binary) to detect
the "probability of peak/flood occurrence"; and in the second stage, if the probability is high, a regression
model (peak-specific or a physical-mathematical model such as HBV drainage) is used. This prevents
systematic underestimation of the peak.

-Adding exogenous inputs: forecasted precipitation, soil moisture, dam status, snowmelt, and multi-day
flow history can increase the model’s ability to catch the peak.

-Using hybrid physics-informed + data-driven models: Using a physical or quasi-physical model to estimate
the maximum capacity and then correcting it with LSTM (physics-informed / hybrid) can significantly
improve the peak accuracy.

-Calibration and bias correction: After forecasting, methods such as quantile mapping or multiplicative bias
correction can be used to eliminate systematic underestimation bias.

-Uncertainty modeling and quantile outputs: Instead of a single point prediction, a distribution or confidence
interval prediction (e.g., 90% quantile) can be provided to better reflect the risk of decision makers.

-Validation of appropriate metrics for hydrology: In addition to R2, Probability of Detection (POD), or
False Alarm Rate (FAR) can be used to assess peaks.

In the present study, as can be estimated from the results, the optimal structure for the LSTM model to
predict streamflow was different for each input scenario, so that according to these results, functions with
a limited number of neurons in the hidden layer perform better than other functions, and in this study, the
most appropriate structure is M7. Although this structure is not very satisfactory considering the cases
mentioned above, in general, considering that our basin, despite classifying the data and resolving the
challenge of data imbalance as much as possible, is still considered a dry basin with a seasonal river, the
abundance of zero data and also the short time series of 34 years cannot be responsive to deep learning
machine models and poses a problem for training the model. In other words, in arid and semi-arid basins,
the distribution of precipitation and river discharge (discharge) is such that for a large part of the year, the
discharge is very low or close to zero, and only in limited time periods is a significant figure observed.
Given this imbalance, simpler empirical methods and the use of hydrological relations and physical models
in training machine learning models for flood simulation can help us more.In general, LSTM is a powerful
and suitable tool for modeling water flow time series and general trends, but it is not sufficient alone to
accurately and safely predict flood peaks and must be supplemented and calibrated by data corrections,
error function changes, or combination with other methods (physical models, peak classification, or
quantile/ensemble models) to be reliable for flood warning.
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Paligholi
Qfeyz-1

Qfeyz-2

Feature value

Pdamak

Pkhood

Pfeyz

0.0 01 02 03 0.4 05
SHAP value (impact on model output)

Feature Importance from XGBoost

Pfeyz
aligholi
Pkhood +
Pdamak -
Qfeyz-2
Ofeyz-1

yeave

0.0 0.2 0.4 0.6 0.8 1.0

JRSTURNU ST —

Feature: Qfeyzabad, F-value: inf, p-value: 0.0000

Feature: Qfeyz-1, F-value: 295.9218, p-value: 0.0000

Feature: Qfeyz-2, F-value: 147.3105, p-value: 0.0000

Feature: Pdamak, F-value: 14.3646, p-value: 0.0000

Feature: Pkhood, F-value: 18.9670, p-value: 0.0000

Feature: Paligholi, F-value: 10.4425, p-value: 0.0000

Feature: Pfeyz, F-value: 11.4187, p-value: 0.0000

Selected Features based on ANOVA F-test: ['Qfeyzabad', 'Qfeyz-1', 'Qfeyz-2', 'Pdamak’', 'Pkhood’', 'Paligholi’, 'Pfeyz']
Final Selected Features: ['Pkhood', 'Pfeyz', 'Paligholi', 'Qfeyz-1', 'Qfeyzabad', 'Pdamak', 'Qfeyz-2']

S 5 30 yigo s yiolyb ani 519 ANOVA 3 SHAP XGboost G)L‘)T Sldow (v Comnlius g5 :(0) S
L5999
Foo 63959 QLG 1o by (Lo Gl B Gl l38 (6l oud >k lagy sluw — () Jgu

Scenarion Input structure
MO Q(b), Q(t-1),P1(t),P1(t-1), ),P2(t),P2(t-1), ),P3(t),P3(t-1), ,P4(t),P4(t-1)
Ml Q(1),P1(t),P2(t) ,P3(t),P4(t)
M2 Q(t), Q(t-1),P1(t),P2(t) ,P3(t),P4(t)
M3 Q(b), Qt-1) , Q(t-2),P1(t),P2(t) ,P3(t),P4(t)
M4 Q(b), Q(t-1), Q(t-2), P1(t),P1(t-1), ),P2(t),P2(t-1), ,P3(t),P3(t-1), ),P4(t),P4(t-1)
M5 Q(t), Q(t-1) , Q(t-2),P3(t),P3(t-1),P4(t),P4(t-1)
M6 Q(®), Qt-1) , Q(t-2),P3(1)
M7 Q(1), Q(t-1) , Q(t-2),P3(t),P4(t)

o iy y2i glags w61y Joo Sb3g0T guli(F) Jgusr

Output
Q(t)
Q(t)
Q(t)
Q)
Q)

Q)
Q)
Q)
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Mo MO0 M1
Train Set Test Set Train Set Test Set
Metrics Metrics Metrics Metrics
MSE: MSE:
0.00024047 0.00046593 ~ MSE: 00004207 4 15070516
RMSE:
RMSE: RMSE: 0020511
0.015507 0.021585 MAL: 0.026555
MAE: MAE: 0.0057905
0.0033621 0.0037648 NSE- 023457 0.0061924
NSE: 0.58014  NSE: 0.46637 e NSE: 0.24122
M4 M4 M5
Train Set Test Set Train Set Test Set
Metrics Metrics Metrics Metrics
MSE: MSE:
0.00034975 0.0002827 ~ MSE:0.0002712 165449062
RMSE:
RMSE: RMSE: 0016468
0.018702 0.016814 MAE: 0.022352
MAE: MAE: 0.0043518
0.0045961 0.0046252 NSE: 0.92649 0.0047333
NSE: 0.49383 NSE: 0.5249 e NSE: 0.42779

M2 M2 M3 M3
Train Set Test Set Train Set Test Set
Metrics Metrics Metrics Metrics
MSE: MSE: MSE: MSE:
0.00025168 0.00043948 0.00034206 0.00026012
RMSE: RMSE: RMSE: RMSE:
0.015865 0.020964 0.018495 0.016128
MAE: MAE: MAE: MAE:
0.0040899 0.004415 0.0044077 0.0043437
NSE: 0.56057 NSE: 0.49667 NSE: 0.50496 NSE: 0.56284
Mo M6 M7 M7
Train Set Test Set Train Set Test Set
Metrics Metrics Metrics Metrics
MSE: MSE: MSE: MSE:
0.00038442 0.00030752 0.00032883 0.0002239
RMSE: RMSE: RMSE: RMSE:
0.019607 0.017536 0.018134 0.014963
MAE: MAE: MAE: MAE:
0.0035905 0.0035632 0.0038801 0.0038572

NSE: 0.44365 NSE: 0.48318 NSE: 0.5241 NSE: 0.62372
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