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Abstract: Dams significantly impact the environment, industries, residential areas, and agriculture.
Efficient dam management can mitigate negative impacts and enhance benefits such as flood and
drought reduction, energy efficiency, water access, and improved irrigation. This study tackles
the critical issue of predicting dam occupancy levels precisely to contribute to sustainable water
management by enabling efficient water allocation among sectors, proactive drought management,
controlled flood risk mitigation, and preservation of downstream ecological integrity. Our research
suggests that combining physical models of water inflow and outflow “such as evapotranspiration
using the Penman–Monteith equation, along with parameters like water consumption, solar radiation,
and rainfall” with data-driven models based on historical reservoir data is crucial for accurately
predicting occupancy levels. We implemented various prediction models, including Random Forest,
Extra Trees, Long Short-Term Memory, Orthogonal Matching Pursuit CV, and Lasso Lars CV. To
strengthen our proposed model with robust evidence, we conducted statistical tests on the mean
absolute percentage errors of the models. Consequently, we demonstrated the impact of physical
model parameters on prediction performance and identified the best method for predicting dam
occupancy levels by comparing it with findings from the scientific literature.

Keywords: artificial intelligence; integrated water resource management; dam occupancy level prediction

1. Introduction

Integrated water resource management (IWRM) promotes a coordinated and holistic
approach to managing water resources, considering the interconnections among water,
land, and related resources. Dams, by their very function, affect the environment, industries,
residential areas, and agricultural lands. Efficient management of a dam can minimize its
negative impacts and enhance its positive effects on all these elements. Environmental
benefits of efficient management include reducing adverse effects like floods and droughts.
For industries and residential areas, it improves energy efficiency and access to clean water.
For agricultural lands, it provides more efficient irrigation opportunities. To achieve these
benefits, IWRM must be implemented by measuring and forecasting dam levels. This study
examines the optimal method for predicting dam occupancy levels precisely in the context
of IWRM. We aim to enhance water and environmental sustainability by increasing the
operational efficiency of dams and supporting business sustainability by proposing an
efficient algorithm that uses less energy and requires less hardware than its alternatives
in the scientific literature. To achieve our goal, we first propose combining physical
calculations with data-driven models to predict dam occupancy levels accurately and
precisely. Second, we implement AI algorithms, such as Extreme Trees and deep learning,
to enhance energy and hardware efficiency. This approach enables the implementation of
intervention strategies more precisely against scenarios, such as droughts and floods, and
the preservation of downstream ecological integrity with an efficient approach.
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The occupancy rates of seven different dams in Istanbul were estimated over the past
five years. The reason for estimating occupancy is that it normalizes varying water levels
across different dams. The inputs for the prediction models consisted of weather data
that have a high correlation with occupancy, Penman–Monteith equation parameters [1],
industrial and residential water consumption, and historical reservoir data. Thus, reservoir
level, rainfall, and evapotranspiration were evaluated during the prediction process. The
prediction performance of models with weather data and models without weather data
was compared to understand the effect of weather data on the prediction.

We utilized AI algorithms with the proposed dataset to determine the most effective
method through comparative analysis. The algorithms considered in this assessment
include Orthogonal Matching Pursuit CV, Lasso Lars CV, Extra Trees, Random Forest, Ridge
CV, Transformed Target Regressor, and LSTM. Our objective in choosing these algorithms
was to assess their performance in water level prediction compared to alternative methods
that we believe may offer superior results. To conduct this evaluation from multiple
perspectives, we formulated four prediction scenarios: daily, weekly, bi-weekly (15-day
periods), and monthly (30-day periods). We assessed the performance of these scenarios
using statistical hypothesis tests.

The structure of this paper is as follows: first, the research background on dam level
prediction studies and methods for predicting water levels is presented. Next, an in-depth
introduction to selected dams in Istanbul is provided. This is followed by a detailed case
study, results, and discussion. Finally, this paper concludes with a summary of key findings.

2. Literature Review

This section seeks to present a summary of the current research on the intersection
of dam reservoir challenges and sea level prediction methods. It reviews the existing
literature on the subject and highlights research gaps that form the foundation for this and
future work.

Water is a highly valuable resource that significantly contributes to both the envi-
ronment and the economy. Therefore, the levels of water resources, such as reservoir
levels, directly impact total added value [2] and the net present value of current and fu-
ture incomes [3]. Water resources serve multiple purposes, including agriculture, energy
generation, fish farming, and drinking water [4]. Consequently, both reservoir levels and
their intended uses influence how these resources are utilized. Scientific research on water
resources thus focuses on areas such as safety, water level measurement technologies,
integrated water resource management, and the effects on the environment and agricul-
ture, with a particular emphasis on dams. From a safety perspective, environmental risks
and structural health issues, such as dam floods, concrete displacement, and seepage, are
investigated at the water level [5–8] and in terms of water temperature [9,10]. Measuring
the water level enables IWRM in dams, as maintaining the water level is essential not
only for ensuring the efficiency of dam operations but also for effective reservoir manage-
ment and a reliable freshwater supply [11]. The measurement of water levels relies on
Internet of Things (IoT) technology, which involves placing sensors in a dam [12,13], or on
remote sensing using artificial intelligence (AI) with satellite imagery [11,14,15]. Whereas
those technologies are essential in different aspects to improve dam management, one step
ahead is to predict the water level and develop intervention strategies for enhancing the
improvement [16]. The prediction of water levels significantly contributes to IRWM [17].
Particularly, the prediction of climatic factors such as drought and excessive rainfalls is
required to develop effective intervention strategies [18,19]. Overall, the strength of the
contribution is related to the accuracy of the prediction methods used [20]. The accuracy
of predictions depends on the algorithms used, the input parameters, the climate, and the
behavior of the reservoir as a system.

In the context of water level prediction, inflow, outflow, historical data of the reservoir,
maximum temperature, visibility, humidity, wind speed, cloud cover, and rainfall are
utilized as input parameters for models [20–25]. Additionally, parameters such as evapo-
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transpiration, solar radiation, and ambient temperature affect the water level of dams [1].
These parameters are utilized by various ML algorithms, including artificial neural net-
works [21,22], Long Short-Term Memory [16,24], nonlinear autoregressive models [24],
multiple linear regression [22], and support vector machines [23]. Overall, the level of wa-
ter is predicted between 1% and 12% mean absolute percentage error (MAPE) [11,17,21,23],
as presented in Table 1. Models provide predictions on a daily or monthly basis, which
are one day to thirteen days and one month [17,23–25]. At this level, three different input
combinations are commonly used. The first combination includes only historical reservoir
data [22]. The second uses only weather data [21]. The third combines both weather
data and historical reservoir data [21,22]. The level of water in dams commonly having
autocorrelation makes historical data of the reservoir an indispensable input parameter;
however, the prediction of future states of the dam requires weather events like rainfall
variability or weather characteristics having environmental effects such as droughts [26,27].

Table 1. Summary of method performance from the scientific literature.

Method Horizon MAPE Reference

Random Forest Daily 0.121 [11]
Vector autoregressive models Daily 0.015 [11]
Linear regression Daily 0.059477 [17]
Long Short-Term Memory Daily 0.01 [21]
Long Short-Term Memory Monthly 0.08 [21]
Support vector machines Daily 0.0164 [23]

When the previous studies were reviewed, it was seen that dam water levels were
predicted using time series analysis. The literature reveals a lack of research on predicting
dam water levels using a hybrid model that integrates a physical model of a dam’s inflow
and outflow, including evapotranspiration, with data-driven models incorporating weather
data. This study aims to be the first to address this gap.

3. Dams of Istanbul

We considered seven dams in Istanbul as follows: Ömerli, Darlık, Elmalı, Terkos,
Alibey, Büyükçekmece, and Sazlıdere. The Ömerli Dam (in Figure 1a), the largest in
Istanbul, was constructed primarily to supply the city’s drinking water. This dam, which is
of the earth-fill type, has a height of 52 m from the riverbed. At the normal water level, the
reservoir volume is 386.50 hm3, and the reservoir area is 23.10 km2. It provides 180 hm3

of drinking and utility water annually. Darlık Dam (in Figure 1b) was built to supply
drinking water, with a height of 73 m from the riverbed. At the normal water level, the
reservoir volume is 107 hm3, and the reservoir area is 5.56 km2. The dam provides 108 hm3

of drinking and utility water annually. Elmalı Dam (in Figure 1c) was built to supply
drinking, utility, and industrial water. The dam, which is of the concrete type, has a body
volume of 103,000 m3 and a height of 42.5 m from the riverbed. At the normal water level,
the reservoir volume is 10 hm3, and the reservoir area is 2.80 km2. It ensures the supply
of 10 hm3 of drinking water annually. Terkos Dam (in Figure 1d) was constructed as a
concrete fill-type dam to supply drinking water. The height of the dam from the riverbed is
8.80 m. At the normal water level, the reservoir volume is 186.80 hm3, and the reservoir
area is 30.40 km2.

Alibey Dam (in Figure 2a) was constructed as an earth-fill type dam to supply drinking,
utility, and industrial water. The dam has a body volume of 1,930,000 m3 and a height of
30 m from the riverbed. At the normal water level, the reservoir volume is 66.80 hm3, and
the reservoir area is 4.66 km2. It provides 39 hm3 of drinking water annually. Büyükçekmece
Dam (in Figure 2b) was constructed as an earth-fill type dam to supply drinking, utility,
and industrial water. The dam has a body volume of 2,020,000 m3 and a height of 13 m
from the riverbed. At the normal water level, the reservoir volume is 161.61 hm3, and the
reservoir area is 43 km2. The dam provides 102 hm3 of drinking and utility water annually.
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Figure 1. (a) Ömerli Dam, (b) Darlık Dam, (c) Elmalı Dam, and (d) Terkos Dam.

Sazlıdere Dam (in Figure 2c) was constructed to obtain drinking water. The dam,
which is of the rock-fill type, has a body volume of 1,880,000 m3. Its height from the
riverbed is 48 m. At the normal water level, the reservoir volume is 91.60 hm3, and the
reservoir area is 11.81 km2. The dam provides 50 hm3 of drinking water annually.

All dams contribute to supplying drinking water, but some dams also provide water
for industrial and other utility purposes. Notably, these dams lack hydroelectric plants,
and therefore do not contribute to electricity production. As a result, the water from
these dams is used directly by consumers, making these dams irreplaceable. Therefore,
accurately predicting their water occupancy levels is crucial for effective IWRM. This
enables timely intervention strategies to be applied, ensuring better resource management
and preventing shortages.

According to the occupancy data shown in Figure 3, some dams are nearing zero
occupancy levels, posing a significant risk of drought. Additionally, some dams are ob-
served to be full for several months, which increases the risk of dam flooding in the event
of extreme rainfall. As indicated in Figure 3, predictive prevention strategies are necessary
for these dams to mitigate the risks of both drought and flooding. The plots in Figure 3
are exceptionally smooth, indicating that sharp fluctuations in the occupancy levels of
the dams are rare. The smoothness of plots is beneficial, as AI methods are particularly
adept at fitting smooth curves. Consequently, our investigation focuses on identifying key
indicators that shed light on water filling and water loss dynamics within the dam.
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Figure 2. (a) Alibey Dam, (b) Büyükçekmece Dam, and (c) Sazlıdere Dam.
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Figure 3. Dam occupancy levels for a 5-year period.

4. Design of the Dataset

The model’s input data includes weather data, evapotranspiration data, daily water
consumption data, and historical reservoir data. In this section, we provide a detailed
explanation of each parameter within each dataset and present comprehensive calculations
along with Pearson’s correlation values. We chose Pearson’s correlation because of several
key advantages. First, it is widely recognized and used across various fields, which
enhances the clarity and accessibility of our results. Second, Pearson’s correlation is
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particularly effective when the normality assumption is met, offering greater efficiency
compared with non-parametric methods like Spearman’s or Kendall’s correlations. Third,
it is ideal for continuous interval or ratio data, where the differences between values
are meaningful.

In the first step, we built a dataset that includes a variety of parameters related to
dam occupancy levels. Historical reservoir data, water consumption data, and weather
data, collected using industrial-grade sensors, were downloaded from institutional data
services. However, we calculated evapotranspiration (ET0) based on weather data and
the geographical information of Istanbul. ET0 plays a significant role in predicting water
levels in dams by providing critical information about water loss; the evapotranspiration
data involve the evapotranspiration value calculated using the Penman–Monteith method
(as described in Equation (1), as well as the method’s input variables, which include the
following: solar radiation, wind speed, and pressure [1]. The ET0, the combined process
of water evaporation from the soil and transpiration from plants, is influenced by several
key factors including solar radiation, temperature, humidity, and wind speed. The ET0 was
calculated by the slope of the vapor pressure curve (∆), the net radiation at the crop surface
(Rn), the soil heat flux density (G), the mean daily air temperature at 2 m height (T), the
wind speed at 2 m height (u2), the saturation vapor pressure (es), the actual vapor pressure
(ea), the saturation vapor pressure deficit (es − ea), and the psychrometric constant (γ), as
given in Equation (1). Evapotranspiration has a noticeable correlation with occupancy
levels compared with most weather parameters.

ET0 =
0.408∆(Rn − G) + γ 900

T+273 u2(es − ea)

∆ + γ(1 + 0.34u2)
(1)

The saturation vapor pressure was calculated based on the daily temperature using
Equation (2) below. Similarly, the actual vapor pressure was determined using the dew
point, as shown in Equation (3).

es = 0.6108e
17.27T

T+273.3 (2)

ea = 0.6108e
17.27Tdew

Tdew+273.3 (3)

The slope of the vapor pressure curve was calculated from the saturation vapor
pressure using Equation (4), as shown below.

∆ =
4098(es)

(T + 273.3)2 (4)

To calculate the psychrometric constant, we first determined the atmospheric pres-
sure (P) using the latitude (Z) of Istanbul, which is 41.0151. Equation (5) represents the
atmospheric pressure. In Equation (6), we calculated the psychrometric constant using the
specific heat at constant pressure (Cp) value of 0.001013.

P = 101.3
(

293 − 0.0065Z
293

)5.26
(5)

γ =
CpP

1.5239
(6)

The wind speed, net radiation, and temperature were obtained from weather data,
while the soil heat flux density was assumed to be zero for the ET0 calculation, as shown in
Figure 4. The figure indicates that occupancy levels generally start decreasing in the spring
and summer periods as ET0 increases.
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Figure 4. Evapotranspiration levels for the 5-year period.

Secondly, we analyzed the correlations among weather data, water consumption,
ET0, and dam occupancy levels to identify the most influential parameters for accurate
prediction. Since ET0 and water consumption contribute to outflow, their relationship with
dam occupancy levels is expected. Additionally, weather data has been observed to have a
strong correlation with dam water levels [21], making it a crucial factor in our correlation
analysis. The weather data consisted of temperature, felt temperature, humidity, dew point,
cloud cover, rainfall, snow depth, and daylight duration. Table 2 shows that solar radiation,
cloud cover, and daylight duration have a significantly stronger correlation with dam
occupancy levels compared with the other weather data. Although water consumption
and ET0 data do not exhibit a meaningful correlation with dam occupancy levels, they are
included in the dataset because of their relevance to outflow.

Thirdly, we analyzed daily water consumption data and historical reservoir data to
identify the autocorrelation that influences occupancy rates. Daily and weekly historical
reservoir data exhibited a strong correlation with dam water levels, demonstrating autocor-
relation, as illustrated in Table 3. This made it feasible to predict the dam occupancy levels
as a time series. To improve prediction accuracy, historical reservoir data were analyzed
over periods ranging from 1 to 7 past intervals, with evaluations conducted on 1-, 7-, 15-,
and 30-day bases.

Lastly, based on the correlation values (ranging from −1 to 1, represented by white
to dark blue) presented in Tables 2 and 3, we generated the dataset by incorporating
weather data, consumption data, evapotranspiration, and historical reservoir data. From
the weather data, we selected solar radiation, dew point, daylight duration, and rainfall,
as these factors directly influence outflow and inflow. Despite rainfall showing a weak
correlation with occupancy rates, it significantly enhanced prediction performance. As
a result, the dataset includes our ET0 calculations and industrial-grade sensor data on
weather and dam conditions, which are directly related to dam inflows and outflows, all
sourced from institutional data services. It includes daily data spanning approximately five
years (1777 days), from 2019 to 2024, with no missing entries. All inputs were confirmed to
follow a normal distribution through the KS test, yielding a p-value of 0. Thus, we applied
the Z-Score outlier detection method using a Z-value threshold of 3. No outliers were
detected in any of the inputs or outputs. As a result, we constructed two datasets. The first
dataset included ET0, weather data, and consumption data, which were parameters of the
physical model for inflow and outflow, along with historical data based on a data-driven
modeling approach. The second dataset included only historical reservoir data relying on a
data-driven approach. After constructing the dataset, we split it into 80% for training and
20% for testing during the model development process.
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Table 2. Correlation among evapotranspiration, water consumption data (CD), weather data, and dam occupancy levels.
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ET0 1 - 0.86 −0.42 −0.12 0.81 0.74 −0.48 0.71 0.86 −0.24 −0.13 0.79 0.69 0.44 0.37 0.19 0.37 0.13 0.25 0.24

W
ea

th
er

D
at

a

2 0.86 - −0.21 −0.11 0.6 0.52 −0.52 0.47 0.99 −0.34 −0.11 0.7 0.54 0.48 0.43 0.27 0.38 0.2 0.31 0.27

3 −0.42 −0.21 - 0 −0.51 −0.49 0.11 −0.5 −0.21 −0.15 0.13 −0.4 −0.29 −0.19 −0.16 −0.04 −0.14 −0.01 −0.08 −0.08

4 −0.12 −0.11 0 - 0 0.01 0.06 0.02 −0.11 0.22 0.07 0.03 0.04 0.05 0.01 −0.04 −0.07 −0.1 −0.06 −0.08

5 0.81 0.6 −0.51 0 - 0.98 −0.37 0.95 0.6 −0.17 −0.25 0.65 0.79 0.19 0.11 −0.06 0.17 −0.1 0.04 0.07

6 0.74 0.52 −0.49 0.01 0.98 - −0.29 0.96 0.52 −0.16 −0.27 0.61 0.75 0.14 0.07 −0.09 0.14 −0.13 0.02 0.05

7 −0.48 −0.52 0.11 0.06 −0.37 −0.29 - −0.08 −0.52 0.27 0.12 −0.29 −0.33 −0.19 −0.21 −0.12 −0.18 −0.12 −0.12 −0.12

8 0.71 0.47 −0.5 0.02 0.95 0.96 −0.08 - 0.47 −0.11 −0.24 0.6 0.74 0.13 0.05 −0.1 0.12 −0.15 0.01 0.04

9 0.86 0.99 −0.21 −0.11 0.6 0.52 −0.52 0.47 - −0.34 −0.11 0.7 0.54 0.48 0.43 0.27 0.38 0.2 0.31 0.27

10 −0.24 −0.34 −0.15 0.22 −0.17 −0.16 0.27 −0.11 −0.34 - 0.08 −0.17 −0.24 −0.11 −0.09 −0.05 −0.12 −0.03 −0.08 −0.11

11 −0.13 −0.11 0.13 0.07 −0.25 −0.27 0.12 −0.24 −0.11 0.08 - −0.11 −0.13 −0.04 −0.04 0 −0.03 0.04 0 −0.06

12 0.79 0.7 −0.4 0.03 0.65 0.61 −0.29 0.6 0.7 −0.17 −0.11 - 0.49 0.67 0.63 0.38 0.56 0.31 0.45 0.45

CD 13 0.69 0.54 −0.29 0.04 0.79 0.75 −0.33 0.74 0.54 −0.24 −0.13 0.49 - 0.12 −0.05 −0.17 −0.01 −0.21 −0.03 0.02

O
cc

up
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cy

14 0.44 0.48 −0.19 0.05 0.19 0.14 −0.19 0.13 0.48 −0.11 −0.04 0.67 0.12 - 0.79 0.71 0.67 0.44 0.51 0.41

15 0.37 0.43 −0.16 0.01 0.11 0.07 −0.21 0.05 0.43 −0.09 −0.04 0.63 −0.05 0.79 - 0.74 0.75 0.64 0.58 0.51

16 0.19 0.27 −0.04 −0.04 −0.06 −0.09 −0.12 −0.1 0.27 −0.05 0 0.38 −0.17 0.71 0.74 - 0.91 0.8 0.83 0.75

17 0.37 0.38 −0.14 −0.07 0.17 0.14 −0.18 0.12 0.38 −0.12 −0.03 0.56 −0.01 0.67 0.75 0.91 - 0.76 0.88 0.8

18 0.13 0.2 −0.01 −0.1 −0.1 −0.13 −0.12 −0.15 0.2 −0.03 0.04 0.31 −0.21 0.44 0.64 0.8 0.76 - 0.84 0.76

19 0.25 0.31 −0.08 −0.06 0.04 0.02 −0.12 0.01 0.31 −0.08 0 0.45 −0.03 0.51 0.58 0.83 0.88 0.84 - 0.89

20 0.24 0.27 −0.08 −0.08 0.07 0.05 −0.12 0.04 0.27 −0.11 −0.06 0.45 0.02 0.41 0.51 0.75 0.8 0.76 0.89 -
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Table 3. Correlation between historical reservoir data and dam occupancy levels.

Historical Data (A Week Before) Historical Data (One Day Before) Current Day
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1 - 0.796 0.702 0.663 0.449 0.517 0.419 0.990 0.792 0.673 0.674 0.420 0.516 0.418 0.987 0.791 0.668 0.676 0.415 0.515 0.417

2 0.796 - 0.728 0.748 0.635 0.590 0.520 0.783 0.991 0.695 0.759 0.605 0.591 0.520 0.780 0.988 0.690 0.760 0.599 0.590 0.519

3 0.702 0.728 - 0.854 0.811 0.802 0.731 0.713 0.744 0.986 0.881 0.796 0.815 0.751 0.714 0.746 0.983 0.885 0.793 0.816 0.754

4 0.663 0.748 0.854 - 0.711 0.878 0.803 0.642 0.727 0.817 0.994 0.670 0.862 0.795 0.637 0.722 0.811 0.993 0.663 0.859 0.792

5 0.449 0.635 0.811 0.711 - 0.811 0.741 0.463 0.651 0.812 0.738 0.991 0.830 0.769 0.465 0.653 0.811 0.742 0.988 0.833 0.772

6 0.517 0.590 0.802 0.878 0.811 - 0.893 0.509 0.577 0.779 0.882 0.778 0.995 0.899 0.506 0.575 0.775 0.882 0.772 0.993 0.899

7 0.419 0.520 0.731 0.803 0.741 0.893 - 0.409 0.506 0.699 0.801 0.698 0.876 0.995 0.406 0.503 0.693 0.800 0.690 0.872 0.993

O
ne
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ay

Be
fo
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8 0.990 0.783 0.713 0.642 0.463 0.509 0.409 - 0.796 0.702 0.662 0.448 0.516 0.418 0.999 0.796 0.698 0.665 0.444 0.517 0.418

9 0.792 0.991 0.744 0.727 0.651 0.577 0.506 0.796 - 0.727 0.746 0.634 0.588 0.517 0.795 0.999 0.723 0.749 0.629 0.588 0.517

10 0.673 0.695 0.986 0.817 0.812 0.779 0.699 0.702 0.727 - 0.853 0.812 0.802 0.730 0.705 0.731 0.999 0.858 0.810 0.804 0.734

11 0.674 0.759 0.881 0.994 0.738 0.882 0.801 0.662 0.746 0.853 - 0.706 0.876 0.801 0.659 0.743 0.847 0.999 0.700 0.874 0.800

12 0.420 0.605 0.796 0.670 0.991 0.778 0.698 0.448 0.634 0.812 0.706 - 0.808 0.737 0.451 0.637 0.813 0.711 0.999 0.812 0.742

13 0.516 0.591 0.815 0.862 0.830 0.995 0.876 0.516 0.588 0.802 0.876 0.808 - 0.892 0.515 0.586 0.798 0.878 0.803 0.999 0.893

14 0.418 0.520 0.751 0.795 0.769 0.899 0.995 0.418 0.517 0.730 0.801 0.737 0.892 - 0.416 0.515 0.725 0.801 0.731 0.889 0.999

C
ur
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nt

D
ay

15 0.987 0.780 0.714 0.637 0.465 0.506 0.406 0.999 0.795 0.705 0.659 0.451 0.515 0.416 - 0.796 0.702 0.662 0.448 0.516 0.417

16 0.791 0.988 0.746 0.722 0.653 0.575 0.503 0.796 0.999 0.731 0.743 0.637 0.586 0.515 0.796 - 0.727 0.746 0.634 0.587 0.516

17 0.668 0.690 0.983 0.811 0.811 0.775 0.693 0.698 0.723 0.999 0.847 0.813 0.798 0.725 0.702 0.727 - 0.853 0.812 0.802 0.730

18 0.676 0.760 0.885 0.993 0.742 0.882 0.800 0.665 0.749 0.858 0.999 0.711 0.878 0.801 0.662 0.746 0.853 - 0.705 0.876 0.800

19 0.415 0.599 0.793 0.663 0.988 0.772 0.690 0.444 0.629 0.810 0.700 0.999 0.803 0.731 0.448 0.634 0.812 0.705 - 0.808 0.737

20 0.515 0.590 0.816 0.859 0.833 0.993 0.872 0.517 0.588 0.804 0.874 0.812 0.999 0.889 0.516 0.587 0.802 0.876 0.808 - 0.891

21 0.417 0.519 0.754 0.792 0.772 0.899 0.993 0.418 0.517 0.734 0.800 0.742 0.893 0.999 0.417 0.516 0.730 0.800 0.737 0.891 -
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5. Prediction Models

Because of the autocorrelation in dam occupancy levels, we selected algorithms com-
monly used for predictive modeling. The algorithms evaluated include Orthogonal Match-
ing Pursuit CV, Lasso Lars CV, Extra Trees, Random Forest, Ridge CV, and Transformed
Target Regressor, all of which are designed to mitigate overfitting. Additionally, we used
LSTM, which is commonly used in studies for water level prediction. Finally, we compared
the performance of the commonly used methods in water level prediction studies with
alternative approaches that we believe may offer higher performance. To conduct this
comparison from various perspectives, we designed four prediction scenarios, which were
daily, weekly, bi-weekly (15-day periods), and monthly (30-day periods). Our approach
allowed us to analyze the performance of algorithms across different prediction horizons
and identify which algorithms are more suitable for intervention strategies. In the correla-
tion analysis tables, we abbreviated the following terms: weather data (WD), consumption
data (CD), evapotranspiration (ET0), and historical reservoir data (HRD).

5.1. Long Short-Term Memory

Long Short-Term Memory (LSTM) networks are a type of Recurrent Neural Network
(RNN) designed to capture long-term dependencies in sequential data. This capability
makes them well-suited for tasks such as time series forecasting as presented in Table 4.

Table 4. Performance of the Long Short-Term Memory model.

DAM
ET0 + WD + CD + HRD HRD

MAPE R2 MSE RMSE MAPE R2 MSE RMSE

D
ai

ly
Pr

ed
ic

ti
on Ömerli 0.00496996 0.999754 1.80904 × 10−5 0.00425328 0.00628446 0.999513 3.41411 × 10−5 0.00584303

Darlık 0.00337642 0.999518 2.45226 × 10−5 0.00495203 0.00587575 0.999081 5.18837 × 10−5 0.00720303
Elmalı 0.0124002 0.997419 0.000192689 0.0138812 0.00957619 0.993972 0.000402123 0.020053
Terkos 0.00601339 0.999565 2.17048 × 10−5 0.00465884 0.00655399 0.999733 1.46284 × 10−5 0.00382471
Alibey 0.010467 0.997787 9.50388 × 10−5 0.00974879 0.0098421 0.998924 4.93963 × 10−5 0.00702825
B.Çekmece 0.0099909 0.999712 3.09754 × 10−5 0.00556555 0.00967341 0.99953 3.67732 × 10−5 0.00606409
Sazlıdere 0.00846746 0.999419 1.97302 × 10−5 0.00444186 0.00656699 0.999691 9.44456 × 10−6 0.0030732

W
ee

kl
y

Pr
ed

ic
ti

on Ömerli 0.014751 0.996468 0.000172075 0.0131177 0.0155757 0.997482 0.000155052 0.012452
Darlık 0.0152882 0.995803 0.000207155 0.0143929 0.0101446 0.998517 8.08303 × 10−5 0.00899057
Elmalı 0.0280571 0.990919 0.000700975 0.0264759 0.0245444 0.990563 0.000644626 0.0253895
Terkos 0.0190461 0.996293 0.000197625 0.0140579 0.0183852 0.996289 0.000189051 0.0137496
Alibey 0.0301914 0.995427 0.000202811 0.0142412 0.0290158 0.996204 0.00017287 0.013148
B.Çekmece 0.0235451 0.997413 0.000150072 0.0122504 0.028585 0.997076 0.000203382 0.0142612
Sazlıdere 0.0216837 0.996221 0.000112867 0.0106239 0.0374822 0.996799 0.000116965 0.010815

15
-D

ay
Pr

ed
ic

ti
on Ömerli 0.0171061 0.993161 0.000322059 0.017946 0.0256526 0.993155 0.000484254 0.0220058

Darlık 0.0188453 0.991981 0.000443239 0.0210532 0.0130614 0.998414 9.16712 × 10−5 0.00957451
Elmalı 0.0296606 0.983374 0.00105234 0.0324398 0.0302839 0.991372 0.000620677 0.0249134
Terkos 0.019051 0.996649 0.000168989 0.0129996 0.0249967 0.997302 0.000177895 0.0133377
Alibey 0.0348007 0.937953 0.00277279 0.0526573 0.0269181 0.993971 0.00025642 0.0160131
B.Çekmece 0.0397847 0.99153 0.000542264 0.0232866 0.0333638 0.994774 0.000308434 0.0175623
Sazlıdere 0.0261945 0.995932 0.000122505 0.0110682 0.0337267 0.993445 0.000195627 0.0139867

M
on

th
ly

Pr
ed

ic
ti

on Ömerli 0.012808 0.990179 0.000453095 0.021286 0.0224381 0.989099 0.000504953 0.0224712
Darlık 0.0180395 0.99514 0.000242745 0.0155803 0.0118325 0.998626 0.000110456 0.0105098
Elmalı 0.0361916 0.984145 0.00101564 0.0318691 0.0196329 0.992456 0.000483806 0.0219956
Terkos 0.0188625 0.997037 0.000145501 0.0120624 0.0142386 0.998762 7.7495 × 10−5 0.00880313
Alibey 0.0207037 0.995571 0.000185797 0.0136307 0.017139 0.997741 9.65338 × 10−5 0.00982516
B.Çekmece 0.0267443 0.997734 0.000190004 0.0137842 0.0302374 0.998214 0.000113374 0.0106477
Sazlıdere 0.0265639 0.994443 0.000177235 0.013313 0.0245632 0.991577 0.000254904 0.0159657

The average MAPE of the LSTM model varies between 0.5% and 3.5% depending on
the prediction horizon, typically remaining below 1% for daily predictions. To achieve
this performance, we implemented an LSTM network with the following hidden layers:
the first layer has 60 nodes with a ReLU activation function, and the second layer consists
of 120 nodes, also with a ReLU activation function. We used the Adam optimizer with a
learning rate of 0.015, a beta of 0.9, and an epsilon of 1 × 10−7. We used MSE as the loss
function during the training process.
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5.2. Orthogonal Matching Pursuit CV

Orthogonal Matching Pursuit CV (OMPCV) identifies the best features for a cross-
validated estimation process using a sparse approximation algorithm. It employs an
orthogonal projection basis to find the optimal matching projections of multidimensional
data. We implemented OMPCV with a 5-fold cross-validation parameter. The maximum
number of iterations was limited to either 10% of the total number of features or five,
whichever was greater. Table 5 presents the performance of the OMPCV model for each
combination of features and prediction horizons. While short-term predictions perform
exceptionally well, their accuracy significantly decreases as the forecast horizon length-
ens. Furthermore, weather data do not significantly affect the prediction performance
of OMPCV.

Table 5. Performance of the Orthogonal Matching Pursuit CV model.

DAM
ET0 + WD + CD + HRD HRD

MAPE R2 MSE RMSE MAPE R2 MSE RMSE

D
ai

ly
Pr

ed
ic

ti
on Ömerli 0.00312237 0.999746 1.16941 × 10−5 0.00341967 0.00305702 0.999428 2.62668 × 10−5 0.00512511

Darlık 0.00290634 0.999763 1.15753 × 10−5 0.00340225 0.00292748 0.999498 2.45049 × 10−5 0.00495024
Elmalı 0.00783492 0.997509 0.000157006 0.0125302 0.00773108 0.995666 0.000273552 0.0165394
Terkos 0.00585859 0.999649 1.71972 × 10−5 0.00414695 0.0049944 0.999741 1.27535 × 10−5 0.00357121
Alibey 0.00896704 0.999456 2.29451 × 10−5 0.00479011 0.00705791 0.999152 3.57359 × 10−5 0.00597795
B.Çekmece 0.00708775 0.999662 1.90968 × 10−5 0.00436999 0.00692981 0.999618 2.15249 × 10−5 0.00463949
Sazlıdere 0.00663554 0.999785 6.35257 × 10−6 0.00252043 0.00611186 0.999673 9.82439 × 10−6 0.00313439

W
ee

kl
y

Pr
ed

ic
ti

on Ömerli 0.0264899 0.987316 0.000589272 0.0242749 0.0249001 0.989311 0.000499273 0.0223444
Darlık 0.0234549 0.990203 0.000478221 0.0218683 0.0233937 0.99007 0.00048584 0.0220418
Elmalı 0.0361511 0.979043 0.00132487 0.0363988 0.0438259 0.978049 0.00140182 0.0374409
Terkos 0.0284242 0.991094 0.000436925 0.0209027 0.0304353 0.989684 0.000505364 0.0224803
Alibey 0.0454819 0.987379 0.000530643 0.0230357 0.0468775 0.985498 0.000608809 0.0246741
B.Çekmece 0.029464 0.993387 0.00037363 0.0193295 0.0357698 0.992313 0.00043693 0.0209029
Sazlıdere 0.0351539 0.993555 0.000191085 0.0138233 0.0353401 0.993112 0.000204982 0.0143172

15
-D

ay
Pr

ed
ic

ti
on Ömerli 0.0597648 0.956384 0.00203142 0.0450713 0.0562393 0.959656 0.00188994 0.0434734

Darlık 0.0475681 0.970973 0.00143549 0.0378879 0.0488463 0.967032 0.00161382 0.0401724
Elmalı 0.0749328 0.930958 0.00436855 0.066095 0.0816497 0.920174 0.00506405 0.0711621
Terkos 0.0565462 0.976715 0.0011414 0.0337846 0.0627889 0.974832 0.00123485 0.0351404
Alibey 0.0958814 0.953379 0.00196719 0.044353 0.101744 0.951644 0.00206112 0.0453995
B.Çekmece 0.0649254 0.984549 0.000877351 0.0296201 0.0746038 0.982518 0.00100417 0.0316886
Sazlıdere 0.0863225 0.977034 0.000680156 0.0260798 0.0823396 0.978331 0.000645584 0.0254084

M
on

th
ly

Pr
ed

ic
ti

on Ömerli 0.115295 0.840763 0.00730451 0.0854664 0.117424 0.832343 0.00769196 0.0877038
Darlık 0.096027 0.882832 0.00572044 0.0756336 0.101429 0.868235 0.00644469 0.0802788
Elmalı 0.139233 0.78605 0.0135715 0.116497 0.152306 0.762178 0.0151442 0.123062
Terkos 0.100622 0.927497 0.00355449 0.0596195 0.108371 0.921444 0.00386874 0.0621992
Alibey 0.170993 0.834706 0.00696293 0.0834442 0.170672 0.81118 0.00804831 0.0897124
B.Çekmece 0.152902 0.923799 0.00433834 0.0658661 0.140405 0.925902 0.0041832 0.0646777
Sazlıdere 0.15938 0.903594 0.00285824 0.0534625 0.162844 0.893396 0.00317065 0.0563085

5.3. Lasso Lars CV

Lasso Lars CV (LLCV) is a regression analysis method that simultaneously performs
variable selection and regularization. This enhances the prediction accuracy and inter-
pretability of the cross-validated estimation process on multidimensional data. We imple-
mented LLCV with 5-fold cross-validation, similar to OMPCV. The maximum number of
iterations was set to 500, and the maximum number of points for computing residuals in
the cross-validation was 1000. The machine-precision regularization was 2.22044 × 10−16.
Table 6 presents the performance of the LLCV model for each combination of features
and prediction horizons. Similarly, with OMPCV, LLVC delivers outstanding short-term
predictions. However, its accuracy significantly diminishes as the forecast horizon extends.
Additionally, the positive impact of weather data, consumption data, and ET0 becomes
more evident as the term length increases.
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Table 6. Performance of the Lasso Lars CV model.

DAM
ET0 + WD + CD + HRD HRD

MAPE R2 MSE RMSE MAPE R2 MSE RMSE

D
ai

ly
Pr

ed
ic

ti
on Ömerli 0.00290696 0.999728 1.25172 × 10−5 0.00353797 0.00305458 0.999455 2.50039 × 10−5 0.00500039

Darlık 0.00293826 0.999738 1.27733 × 10−5 0.00357398 0.00293714 0.999546 2.22023 × 10−5 0.00471193
Elmalı 0.00770551 0.997462 0.00015997 0.0126479 0.00778144 0.995675 0.000272933 0.0165207
Terkos 0.00398731 0.999833 8.20228 × 10−6 0.00286396 0.00496261 0.999749 1.23182 × 10−5 0.00350973
Alibey 0.00682897 0.999635 1.54796 × 10−5 0.00393441 0.00708108 0.999156 3.55807 × 10−5 0.00596496
B.Çekmece 0.00596853 0.999819 1.02405 × 10−5 0.00320008 0.00690164 0.999618 2.15236 × 10−5 0.00463935
Sazlıdere 0.00519053 0.999801 5.93328 × 10−6 0.00243583 0.00605372 0.999724 8.29238 × 10−6 0.00287965

W
ee

kl
y

Pr
ed

ic
ti

on Ömerli 0.0232363 0.989629 0.000479234 0.0218914 0.0250712 0.989269 0.000501665 0.0223979
Darlık 0.0216811 0.992009 0.000389158 0.0197271 0.0233964 0.99009 0.000484886 0.0220201
Elmalı 0.0360924 0.979585 0.00129005 0.0359173 0.0442911 0.977976 0.00140899 0.0375365
Terkos 0.0280822 0.991154 0.00043457 0.0208463 0.030388 0.989652 0.000506874 0.0225139
Alibey 0.0421883 0.988026 0.000504023 0.0224505 0.0468775 0.985499 0.000608808 0.024674
B.Çekmece 0.0303865 0.993051 0.000393111 0.019827 0.03585 0.992356 0.000434515 0.020845
Sazlıdere 0.0315555 0.993665 0.000187303 0.0136859 0.0353786 0.993109 0.000205063 0.01432

15
-D

ay
Pr

ed
ic

ti
on Ömerli 0.0533375 0.964082 0.00169918 0.0412211 0.0562392 0.959656 0.00188994 0.0434734

Darlık 0.0457542 0.972184 0.00137807 0.0371224 0.0494345 0.966858 0.00162141 0.0402667
Elmalı 0.0743163 0.933334 0.00423471 0.0650746 0.0815954 0.919795 0.00508274 0.0712933
Terkos 0.0540278 0.978052 0.00107749 0.0328252 0.0630082 0.974824 0.00123525 0.0351461
Alibey 0.0920288 0.959514 0.0017189 0.0414596 0.101746 0.951492 0.00206217 0.0454111
B.Çekmece 0.0617624 0.985375 0.000839167 0.0289684 0.0746552 0.982521 0.00100362 0.0316799
Sazlıdere 0.0781948 0.980241 0.000591595 0.0243227 0.082677 0.978315 0.000645751 0.0254116

M
on

th
ly

Pr
ed

ic
ti

on Ömerli 0.104782 0.86507 0.00619161 0.0786868 0.117424 0.832343 0.00769196 0.0877038
Darlık 0.0906292 0.896114 0.00507109 0.0712116 0.101429 0.868235 0.00644469 0.0802788
Elmalı 0.132347 0.791852 0.0132286 0.115016 0.153111 0.761777 0.0151531 0.123098
Terkos 0.0940711 0.935074 0.0031903 0.0564828 0.108759 0.921323 0.0038717 0.062223
Alibey 0.15876 0.842755 0.00664744 0.0815318 0.170872 0.811342 0.00803104 0.0896161
B.Çekmece 0.115172 0.940945 0.00332585 0.0576702 0.140404 0.925902 0.0041832 0.0646777
Sazlıdere 0.148663 0.911828 0.00260789 0.0510675 0.162844 0.893396 0.00317065 0.0563085

5.4. Random Forest

The Random Forest (RF) algorithm combines ensemble learning methods with the
decision tree algorithm to create multiple decision trees, each drawn randomly from the
data. The results of these trees are averaged to produce a final result, often leading to
more accurate predictions and classifications. RF was implemented with mean squared
error as the criterion to minimize variance, utilizing a forest of 100 trees. The minimum
number of samples required to split an internal node was set to two, and at least one
sample was required to form a leaf node. When searching for the best split, only one feature
was considered. Table 7 presents the performance of the RF model for each combination
of features and prediction horizons. RF delivers outstanding short-term predictions and
maintains relatively good performance as the forecast horizon extends. Also, weather data
do not significantly affect the prediction performance of RF.

Table 7. Performance of the Random Forest model.

DAM
ET0 + WD + CD + HRD HRD

MAPE R2 MSE RMSE MAPE R2 MSE RMSE

D
ai

ly
Pr

ed
ic

ti
on Ömerli 0.00478378 0.999315 3.14498 × 10−5 0.00560801 0.00463194 0.999336 3.05549 × 10−5 0.00552765

Darlık 0.00451081 0.999451 2.67768 × 10−5 0.00517463 0.00483447 0.999142 4.17943 × 10−5 0.00646485
Elmalı 0.00784472 0.995614 0.00027652 0.0166289 0.00866333 0.995561 0.000279763 0.0167261
Terkos 0.00702186 0.999559 2.1677 × 10−5 0.00465586 0.00765764 0.999522 2.3537 × 10−5 0.0048515
Alibey 0.00972596 0.998967 4.3398 × 10−5 0.00658772 0.0102261 0.998795 5.05776 × 10−5 0.00711179
B.Çekmece 0.00893934 0.999442 3.1638 × 10−5 0.00562477 0.00946453 0.999326 3.81665 × 10−5 0.00617791
Sazlıdere 0.00773455 0.999674 9.58492 × 10−6 0.00309595 0.00895021 0.999584 1.22647 × 10−5 0.0035021

W
ee

kl
y

Pr
ed

ic
ti

on Ömerli 0.0116603 0.997192 0.000129324 0.0113721 0.012716 0.996169 0.000176682 0.0132922
Darlık 0.00935386 0.99813 9.12824 × 10−5 0.00955418 0.0107126 0.997725 0.000112508 0.010607
Elmalı 0.016616 0.994286 0.000362236 0.0190325 0.0184659 0.993695 0.00039896 0.019974
Terkos 0.0136593 0.997804 0.000107734 0.0103795 0.0117802 0.998326 8.20781 × 10−5 0.0090597
Alibey 0.0209691 0.99649 0.000147373 0.0121397 0.0219477 0.996266 0.000157022 0.0125308
B.Çekmece 0.0180959 0.996682 0.000187673 0.0136994 0.0165157 0.997882 0.000119767 0.0109438
Sazlıdere 0.0140014 0.99839 4.75184 × 10−5 0.00689336 0.0143782 0.998286 5.06218 × 10−5 0.0071149
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Table 7. Cont.

DAM
ET0 + WD + CD + HRD HRD

MAPE R2 MSE RMSE MAPE R2 MSE RMSE

15
-D

ay
Pr

ed
ic

ti
on Ömerli 0.0163452 0.99262 0.000338375 0.018395 0.0154685 0.992315 0.000352475 0.0187743

Darlık 0.0139163 0.995521 0.000219014 0.0147991 0.0153309 0.994914 0.000248236 0.0157555
Elmalı 0.0141098 0.997065 0.000186092 0.0136416 0.0178281 0.995037 0.000313711 0.0177119
Terkos 0.0128188 0.997946 0.000100647 0.0100323 0.011547 0.998247 8.60822 × 10−5 0.00927805
Alibey 0.0256763 0.992852 0.000301602 0.0173667 0.0276765 0.993673 0.000265811 0.0163037
B.Çekmece 0.0175794 0.995509 0.000256572 0.0160179 0.0183209 0.99189 0.000465323 0.0215714
Sazlıdere 0.0168793 0.99781 6.45727 × 10−5 0.00803571 0.0183391 0.99753 7.27287 × 10−5 0.00852811

M
on

th
ly

Pr
ed

ic
ti

on Ömerli 0.0170516 0.988768 0.000523402 0.022878 0.0144575 0.991073 0.000413032 0.0203232
Darlık 0.0195599 0.991975 0.000397903 0.0199475 0.0204259 0.987695 0.000599909 0.024493
Elmalı 0.0155737 0.995631 0.000276242 0.0166205 0.0200283 0.989257 0.000678663 0.0260512
Terkos 0.0163963 0.996502 0.000171737 0.0131048 0.0103605 0.99769 0.00011409 0.0106813
Alibey 0.020811 0.994479 0.000233697 0.0152871 0.0198052 0.993651 0.000268836 0.0163962
B.Çekmece 0.019981 0.997114 0.000168074 0.0129643 0.0139536 0.998958 6.0931 × 10−5 0.00780583
Sazlıdere 0.0222951 0.990182 0.000292531 0.0171036 0.0202211 0.988411 0.000347147 0.0186319

5.5. Extra Trees

The Extra Trees (ET) algorithm, similar to the Random Forests algorithm, generates
multiple decision trees. However, unlike Random Forests, Extra Trees uses random sam-
pling without replacement, resulting in a unique dataset for each tree. Additionally, a
specific number of features from the total set are randomly selected for each tree. The most
distinctive characteristic of Extra Trees is its random selection of splitting values for features.
Instead of computing a locally optimal value using criteria like Gini impurity or entropy,
the algorithm randomly selects a split value. This approach enhances the diversity and
reduces the correlation among the trees. ET was implemented with the same parameters as
RF. Table 8 presents the performance of the ET model for each combination of features and
prediction horizons. ET is the most accurate method for predicting occupancy levels across
all horizons. The impact of weather data on ET’s prediction accuracy is noticeable only for
daily occupancy predictions.

Table 8. Performance of the Extra Trees model.

DAM
ET0 + WD + CD + HRD HRD

MAPE R2 MSE RMSE MAPE R2 MSE RMSE

D
ai

ly
Pr

ed
ic

ti
on Ömerli 0.00388508 0.999396 2.77199 × 10−5 0.00526497 0.00409498 0.999321 3.11635 × 10−5 0.00558243

Darlık 0.00316241 0.999506 2.41255 × 10−5 0.00491177 0.00419955 0.99908 4.47778 × 10−5 0.00669163
Elmalı 0.00787504 0.995719 0.00026978 0.016425 0.00817141 0.995634 0.000275109 0.0165864
Terkos 0.00539017 0.99952 2.35185 × 10−5 0.00484958 0.00689247 0.999458 2.66004 × 10−5 0.00515756
Alibey 0.00898673 0.99892 4.5326 × 10−5 0.00673246 0.00940576 0.99884 4.86806 × 10−5 0.00697715
B.Çekmece 0.00792777 0.99922 4.40525 × 10−5 0.00663721 0.00901684 0.999183 4.62988 × 10−5 0.00680433
Sazlıdere 0.00585024 0.999691 9.11219 × 10−6 0.00301864 0.00813567 0.999521 1.41438 × 10−5 0.00376083

W
ee

kl
y

Pr
ed

ic
ti

on Ömerli 0.00847044 0.998648 6.28527 × 10−5 0.00792797 0.00840095 0.998775 5.71785 × 10−5 0.00756165
Darlık 0.00837819 0.998271 8.51257 × 10−5 0.00922636 0.0085435 0.998717 6.50426 × 10−5 0.0080649
Elmalı 0.011828 0.997304 0.000170395 0.0130535 0.0145746 0.995954 0.000256698 0.0160218
Terkos 0.00810674 0.99879 5.91995 × 10−5 0.00769412 0.00790464 0.998976 5.0213 × 10−5 0.00708611
Alibey 0.0137394 0.998191 7.60133 × 10−5 0.00871856 0.0147247 0.998268 7.28824 × 10−5 0.00853712
B.Çekmece 0.0114554 0.998938 6.02968 × 10−5 0.0077651 0.0103776 0.99894 6.06342 × 10−5 0.00778679
Sazlıdere 0.0100015 0.999083 2.71342 × 10−5 0.00520905 0.00966369 0.999046 2.81089 × 10−5 0.00530178

15
-D

ay
Pr

ed
ic

ti
on Ömerli 0.009211 0.997901 9.69083 × 10−5 0.0098442 0.00885978 0.996761 0.000148606 0.0121904

Darlık 0.0105688 0.997329 0.000134036 0.0115774 0.00965656 0.998596 7.19347 × 10−5 0.00848143
Elmalı 0.0118076 0.996929 0.000195466 0.0139809 0.0121011 0.996713 0.000207453 0.0144032
Terkos 0.00792414 0.999192 3.98185 × 10−5 0.00631019 0.00846756 0.998901 5.38046 × 10−5 0.00733517
Alibey 0.0167746 0.99691 0.000129863 0.0113957 0.0156182 0.997685 9.71879 × 10−5 0.00985839
B.Çekmece 0.00992255 0.999053 5.40958 × 10−5 0.00735499 0.0110676 0.997837 0.00012336 0.0111068
Sazlıdere 0.0105529 0.998642 4.02893 × 10−5 0.00634738 0.0110314 0.998534 4.32387 × 10−5 0.00657561

M
on

th
ly

Pr
ed

ic
ti

on Ömerli 0.0119018 0.995007 0.000232166 0.015237 0.0065634 0.997882 9.80702 × 10−5 0.00990304
Darlık 0.0131245 0.995145 0.000240917 0.0155215 0.0112884 0.994835 0.000251898 0.0158713
Elmalı 0.0115828 0.997537 0.000156458 0.0125083 0.0111112 0.997498 0.000158287 0.0125812
Terkos 0.00872503 0.998963 5.12378 × 10−5 0.00715806 0.00647818 0.999267 3.62939 × 10−5 0.00602444
Alibey 0.015773 0.997818 9.30908 × 10−5 0.00964836 0.0133573 0.997926 8.80544 × 10−5 0.00938373
B.Çekmece 0.0100021 0.999439 3.2496 × 10−5 0.00570052 0.00723422 0.999597 2.27595 × 10−5 0.00477069
Sazlıdere 0.0145424 0.996183 0.00011351 0.0106541 0.0137383 0.993712 0.00018706 0.013677



Sustainability 2024, 16, 7696 14 of 18

6. Results and Discussion

The importance of water for both the environment and its economic value makes it a
resource that must be managed carefully. In this context, we evaluated how to implement
the most effective IWRM in dams, which are among the most crucial water resources in the
world. Our review of studies presented in the scientific literature revealed that efficient wa-
ter management requires both measuring water levels and predicting these levels for more
advanced planning. Accordingly, we investigated the most suitable prediction model for
achieving the most effective IWRM. In this context, we explored the advantages of a hybrid
model that integrates a physical model-driven approach with a data-driven approach. We
examined the correlations among weather data, water consumption, evapotranspiration,
historical reservoir data related to inflow and outflow, and dam occupancy levels for seven
dams in Istanbul, as shown in Tables 2 and 3. The correlation analysis indicates that histor-
ical reservoir data and dam occupancy levels have a very strong correlation, suggesting
that occupancy levels should be treated as a time series. Water consumption and rainfall
do not exhibit a strong correlation with dam occupancy levels. Nevertheless, because all
dams supply drinking water and rainfall contributes to their water supply, daily water
consumption and rainfall are included as features in the proposed models. We concluded
that the prediction model should be developed using parameters that account for both
the water level in the dam as well as the inflow and outflow of water [1]. Additionally,
solar radiation, humidity, cloud cover, daylight duration, and evapotranspiration have a
meaningful correlation with dam occupancy levels.

Based on this analysis, we propose that the most effective model for predicting dam
occupancy levels should incorporate weather data, water consumption data, evapotranspi-
ration calculations, and historical reservoir data. To validate this approach, we employed
RF and LSTM, which have demonstrated successful results in the scientific literature, as
well as ET, OMPCV, and LLCV to make predictions for daily, weekly, bi-weekly, and
monthly intervals. To assess the impact of weather data, water consumption data, and
evapotranspiration on prediction performance, we compared the prediction performance of
identical models created with a dataset consisting of weather data and historical reservoir
data against models created using only historical reservoir data.

As shown in Figure 5a, ET0, weather data, and consumption data have a positive
effect on prediction accuracy as the prediction horizon increases. Therefore, the physical
model parameters for inflow and outflow have a significant positive impact on average
MAPE values. As illustrated in Figure 5b, LSTM, RF, and ET models demonstrate strong
performance with low MAPE for long-term predictions as well. The average MAPE of
LSTM models ranges from 1% to 3.5% for the monthly basis prediction of each dam’s
occupancy. This accuracy is better than levels reported for LSTM in similar scientific
studies. Notably, ET consistently achieved a MAPE ranging from 0.3% to 1.4% across all
intervals, demonstrating a remarkable performance. Consequently, our research contributes
to the scientific literature by proposing AI algorithms such as ET, OMPCV, and LLCV for
predicting dam reservoir levels. We demonstrate that ET provides more precise predictions
of dam occupancy levels compared with RF and LSTM, which are commonly used in the
scientific literature.

To reinforce our proposed model with more robust evidence, we conducted a statistical
test on the MAPE values. This analysis aimed to identify the conditions that result in the
smallest prediction errors. First, we performed the Kolmogorov–Smirnov (KS) test on the
MAPE values for two different input sets. The first input set, which includes ET0, weather
data, consumption data, and historical reservoir data, fits the normal distribution with
a p-value of 4.74 × 10−33. The second input set, which includes only historical reservoir
data, also fits the normal distribution with a p-value of 4.73 × 10−33. Based on these results,
we then performed a two-sided Z-Test to determine whether the samples were identical.
The Z-Test resulted in a p-value of 0.0155. This indicates that the two samples were not
identical at the 1% significance level, leading us to accept the null hypothesis. To compare
the means of the samples, we performed both the Z-Test and paired T-Test with a less-than-
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alternative hypothesis. The Z-test produced a p-value of 0.0078, while the T-Test resulted
in a p-value of 2.59 × 10−6 with 139 degrees of freedom (DF). Consequently, the null
hypothesis was rejected in both tests. Therefore, it can be concluded that ET0, weather data,
and consumption data turned out to reduce the prediction error rate. After validating our
hypothesis with statistical tests, we tried to figure out the best model utilizing the dataset
“ET0 + WD + CD + HRD”. Firstly, we performed an ANOVA test on the performance data
of all models. The test resulted in a p-value of 7.579 × 10−11, which led us to accept the
alternative hypothesis. Since the alternative hypothesis of the ANOVA test posits that the
samples are not identical, we compared their performances using a paired T-Test with a
less-than-alternative hypothesis. First, we compared LLCV and OMPCV. The performance
of LLCV was superior to OMPCV, as indicated by a p-value of 0.0008 with 27 degrees of
freedom. Next, we compared LSTM and LLCV. The performance of LSTM was superior
to that of LLCV, with a p-value of 5.535 × 10−5 and 27 degrees of freedom. Third, we
compared RF and LSTM. The performance of RF was superior to that of LSTM, with
a p-value of 6.54 × 10−5 and 27 degrees of freedom. Finally, we compared ET and RF.
The performance of ET was superior to that of RF, with a p-value of 2.085 × 10−9 and
27 degrees of freedom. As a result of this comparison, the best AI method for predicting
dam occupancy levels is ET. The results of all statistical tests leading to this conclusion are
summarized in Table 9.
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Figure 5. (a) MAPE in dataset basis and (b) MAPE of AI methods.

Table 9. Summary of statistical tests analysis.

Test Dataset p-Value Statistic Description

Kolmogorov–Smirnov ET0, WD, CD 4.74 × 10−33 0.5012 Evaluation of the fit to the
normal distributionKolmogorov–Smirnov 4.73 × 10−33 0.5012

Z-Test (two-sided) MAPE of the ET0, WD, CD HRD
model, MAPE of the HRD model 0.0155 −2.4197 Assessment of performance

equivalence
Z-Test (less than) MAPE of the ET0, WD, CD HRD

model, MAPE of the HRD model 0.0078 −2.4197 To validate that the additional data
reduced the error rate

Paired T-Test (less than) MAPE of the ET0, WD, CD HRD
model, MAPE of the HRD model 2.59 × 10−6 −4.742 (DF: 139) To validate that the additional data

reduced the error rate

Paired T-Test (less than) MAPE of the LLCV model and
MAPE of the OMPCV model 0.0008 −3.464 (DF:27) To compare the performance of

LLCV and OMPCV

Paired T-Test (less than) MAPE of the LSTM model and
MAPE of the LLCV model 5.535 × 10−5 −4.52 (DF:27) To compare the performance of

LSTM and LLCV

Paired T-Test (less than) MAPE of the RF model and MAPE
of the LSTM model 6.54 × 10−5 −4.457 (DF:27) To compare the performance of RF

and LSTM

Paired T-Test (less than) MAPE of the ET model and MAPE
of the RF model 2.085 × 10−9 −8.493 (DF:27) To compare the performance of ET

and RF
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The best model in terms of average MAPE, ET, performs exceptionally well over the
medium and long term (from weekly to monthly) using only historical reservoir data. How-
ever, on a daily basis, the ET model achieves lower MAPE when incorporating physical
model parameters. The highest MAPE for ET, the best-performing model, is observed in
the monthly predictions. Figure 6a illustrates ET’s predictions for a one-month period at the
Ömerli, Darlık, and Elmalı Dams, while Figure 6b shows the predictions for the Terkos, Alibey,
Büyükçekmece, and Sazlıdere Dams. Both Figure 6 and the MSE values in Table 8 clearly
indicate that ET surpasses other methods in accurately capturing and adapting to the trend.
The average MAPE of the best ET model for monthly predictions is 1.2 × 10−4, as shown in
Table 8, compared with 2.35 × 10−4 for the LSTM model in Table 4 and 3.55 × 10−4 for the RF
model in Table 7.
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7. Conclusions

IWRM is a key function to utilize water resources serving multiple purposes, including
agriculture, energy generation, fish farming, and drinking water [4]. One of the significant
contributions to the IWRM [17] field is the prediction of water levels. Predicting water
levels enables the implementation of intervention strategies to enhance the efficiency and
effectiveness of IWRM. However, achieving truly efficient and effective IWRM requires
precise water level predictions. In this context, we propose that combining physical model-
based calculations measured data related to inflow and outflow water can significantly
improve the accuracy of AI-based water level predictions. Physical model parameters,
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including water consumption data, ET0, solar radiation, dew point, daylight duration, and
rainfall, contribute positively to reducing the average MAPE of the methods considered.
However, for ET, the most effective method, these parameters only have a positive impact
on a daily basis. To illustrate this positive effect, we utilized two distinct datasets derived
from data collected from seven dams in Istanbul. The first dataset includes “ET0, WD,
CD, and HRD” while the second dataset contains only HRD. We applied the LSTM, RF,
LLCV, OMPCV, and ET algorithms to these datasets, aiming to validate our hypothesis and
evaluate alternative AI algorithms compared to those commonly used in IWRM studies.
Finally, we developed occupancy-level prediction models to standardize data from dams
with varying depths.

Following the model development phase, we concluded by validating our proposed
model. We contributed to the scientific literature with our hybrid model and explored
significant input parameters for water level prediction such as solar radiation, dew point,
daylight duration, rainfall, daily water consumption, evapotranspiration, and historical
reservoir data. Moreover, we considered AI algorithms that are not frequently used in
the IWRM field against the algorithms used. Finally, we discovered that ET had superior
performance against commonly used algorithms such as LSTM and RF. ET also required less
hardware and energy to operate and predicted the occupancy level one month in advance
with only a 1% error margin. Our primary contribution to sustainability is predicting
dam occupancy levels at this sensitivity with a more efficient approach than deep learning
(LSTM), which provides the following benefits:

1. Ensures water is allocated optimally among various users (agriculture, industry,
domestic) based on current water availability.

2. Enables proactive management of water resources during periods of drought by
accurately predicting available water supplies.

3. Helps in managing dam releases to mitigate downstream flooding risks by maintain-
ing appropriate water levels.

4. Maintains minimum ecological flows downstream to support aquatic habitats and
biodiversity.

5. Increases the sustainability of businesses with less hardware requirement and less
energy need.

In future studies, we plan to investigate how integrating weather forecasts and hyper-
parameter optimization can further enhance the performance of AI models. Additionally,
we aim to explore novel approaches for incorporating real-time data streams and improving
the robustness of predictive models in dynamic environments.
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