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Simulating hydropower reservoir operations of the Yamula Dam with machine
learning

Yamula Barajinin hidroelektrik rezervuar isletiminin makine 6grenimi ile
simiilasyonu

Mustafa Sahin Dogan®”
! Aksaray University, Department of Civil Engineering, 68100, Aksaray, Tiirkiye

Abstract

Large-scale reservoirs provide operational flexibility to
water managers by storing water during times with higher
surface water availability and releasing water when it is
most needed. Most large-scale reservoirs serve for
multipurpose demands, such as water supply for
agricultural, urban and environmental users, hydropower,
recreation, fisheries and transportation. Due to its low
operating cost, hydropower generation is often maximized
in energy systems with mixed hydro and thermal sources.
Hydropower generation is also used to meet peak demand
by advantage of operating in short notice. This study aims
to simulate reservoir operations, including release schedule
and hydropower operations of the Yamula Dam and
hydropower plant using machine learning. Located on the
Kizilirmak River, the Yamula Dam is a large-scale
multipurpose reservoir with its 3476 million cubic meters
of storage capacity. Turbine release decisions are learned
with Random Forests algorithm using only reservoir inflow
and upstream streamflow conditions. The developed model
successfully predicts reservoir releases between 2006 and
2015, with a coefficient of determination value of 0.87.
Model prediction results are provided, and then
hydropower load, generation and revenue are calculated
and results are presented. Based on simulation results, the
Yamula Dam generates about 362.3 gigawatts hour of
energy per year, with an annual average revenue of 14.1
million Dollars. With the developed model, reservoir
operations under different upstream hydrological
conditions can also be simulated.

Keywords: Reservoir operations, Water management,
Hydropower, Machine learning, Random forests

1 Introduction

Small to large-scale reservoirs are used for a variety of
purposes, such as water supply, flood mitigation,
environmental protection, transportation, recreation, and
hydropower. Reservoirs store water, and with their
controlled releases, various demands, such as agricultural
water demand during dry season or power demand during
peak energy hours, are met [1]. Reservoirs store energy as
higher-elevation water for hydropower. Power is produced

Oz

Biiyiik depolama kapasiteli rezervuarlar ylizey suyunun
fazlaca bulundugu zamanlarda suyu depolayarak ve su
ihtiyacinin en yiiksek oldugu zamanlarda bu depolanan
suyu sisteme vererek suyu yonetenlere isletim esnekligi
saglar. Biiyiik kapasiteli rezervuarlar ¢ogunlukla tarimsal,
kentsel ve ¢evresel su ihtiyacglarinin temini, hidroelektrik,
rekreasyon, balik¢ilik ve ulasim gibi birden ¢ok amaca
hizmet ederler. Diisiik isletim maliyetinden dolay1
hidroelektrik iiretimi, hidro ve termik karisik enerji
sistemlerinde genellikle maksimize edilir. Hidroelektrik
tiretim kisa siirede igletime alinma avantajindan dolay: pik
saatlerdeki talebi karsilamak igin de kullanilir. Bu ¢alisma
Yamula Baraji ve hidroelektrik santralinin tiirbin akis
zamanlamas1 ve hidroelektrik operasyonlarini igeren
rezervuar isletimini makine 6grenimini kullanarak simiile
etmeyi amaglamaktadir. Kizilirmak Nehri tizerinde yer alan
Yamula Barajt 3476 milyon metrekiip depolama
kapasitesiyle birden ¢ok amaca hizmet eden biiytlik ol¢ekli
bir barajdir. Rastgele Karar Ormanlart algoritmasi ile
sadece rezervuara giren akim ve memba akim kosullarina
gore tiirbin akimi kararlar1 6grenilmistir. Gelistirilen model
2006 ve 2015 wyillar1 arasindaki tlirbin akimlarini, 0.87
korelasyon katsayis1 ile, basarili bir sekilde tahmin
edebilmektedir. Model tahmini sonuglari gosterilmis ve
ayrica hidroelektrik enerjisi tiretimi ve getirisi hesaplanmis
ve sonuglar sunulmustur. Simiilasyon sonuglarina gore
Yamula baraji yilda yaklasik 362.3 gigawatt saat enerji
iretmekte ve 14.1 milyon dolar gelir saglamaktadir.
Gelistirilen model ile farkli memba hidrolojik durumlarina
gore rezervuar igletim simiilasyonlar1 da yapilabilmektedir.

Anahtar kelimeler: Rezervuar isletimi, Su yOnetimi,
Hidroelektrik, Makine 6grenimi, Rastgele karar ormanlar1

by the vertical flow of water using the potential energy
difference, or ‘water head,” between reservoir intake and
tailwater levels. In a power system with mixed hydro-
thermal production sources, hydropower generation is often
maximized due to its lower operating cost than the majority
of other power sources [2, 3]. Hydropower also offers
operational flexibility by rapidly producing energy [4, 5] and
by providing extra ancillary services, such as peak and
frequency management, and spinning reserve [6].
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The controlled reservoir releases, especially for
hydropower generation, are highly dependent on decisions of
reservoir operators rather than natural hydrological
processes [7], while flood control may affect reservoir
releases depending on reservoir storage and upstream flow
conditions. Reservoir operating policy is either obtained
from rule curves or from data-driven methods [8, 9].
Simulation models are commonly used for determining
reservoir storage and release decisions [10], driven by
prescribed operating rule curves [11, 12]. These reservoir
operating rules depend on empirical relationship between
reservoir storage and release, which can be derived from
optimization models [12, 13]. While simulation models are
helpful, reservoir operator’s knowledge and experience are
of great importance that sometimes operating rules need to
be adapted to specific conditions, objectives or constraints
[7, 11].

Data-driven methods, such as Machine Learning
Algorithms (MLA) can extract the optimal decision
information from operations to understand reservoir
operator’s release decisions under various conditions, such
as specific month of a year, reservoir inflow or upstream
flows. MLAs mathematically relate inputs and outputs
without requiring explicit physical system representation
[14]. Although MLAs are widely used to estimate
streamflow [15-23] or forecast reservoir inflow [24-26], the
number of studies on using MLAs to simulate reservoir
operations is limited, especially for hydropower decisions. In
literature, Yang et al. [7] simulated reservoir operations in
California using decision trees and Random Forests
algorithm. Khalil et al. [27] used Support Vector Machines
for real-time management of reservoir releases. Gangrade et
al. [28] employed Long-Short Term Memory for long-term
reservoir operations. Qie et al. [29] compared different
MLAs for simulating reservoir outflow and showed that
MLASs are promising tools in reservoir management. Herman
and Giuliani [30] used Decision Trees to obtain optimal
reservoir operation policies. Ozdogan-Sarikog et al. [31]
used several MLAs to forecast volumes of small reservoirs.

Data-driven reservoir simulation tools are useful tools for
reservoir planners and operators, yet their developments are
inadequate, especially for reservoirs in Turkey. This paper
develops a model with Random Forests algorithm, one of
commonly used MLAs, to simulate hydropower reservoir
operations of the Yamula Dam and Hydroelectric Power
Plant (HEPP), for a period between October 1, 2005 and
September 30, 2015. The developed model is easy-to-use
and depends only on reservoir inflow and upstream
conditions to predict controlled reservoir releases.
Hydropower load, generation and revenue calculated with
predicted reservoir releases are presented. Specific
objectives include:

1) Effectiveness of data-driven methods on simulating
hydropower reservoir operations.

2) Use of Random Forests algorithm to learn and
predict reservoir releases.

3) Input parameter selection to build a data-driven
model.

4) Presenting a case study of the Yamula Dam
operations with a comparison to observed values.

2 Material and methods

2.1 Study area

The Yamula Dam and HEPP is one of major reservoirs
located on the Kizilirmak River near the city of Kayseri
(Figure 1). The Yamula Dam is rock-filled with a clay core
and has a volume of about 1.6 million cubic meters. The
reservoir has a drainage area of about 15582 square
kilometers [32]. Three stream gauge stations are identified to
simulate the Yamula operations, shown in Figure 1. Station
#1501 is located downstream of the dam, and its streamflow
records represent reservoir releases. Station #1543 is located
upstream of the dam, and its streamflow records are assumed
to represent reservoir inflows. Station #1535 is located far
upstream of the dam near the city of Sivas representing the
upper basin conditions, whose records are used by the
developed machine learning model along with other two
stream gauge stations.
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Figure 1. Study area: the Yamula Dam and HEPP and stream gauge stations (Image source: DSI [33]).

1427



NOHU Miih. Bilim. Derg. / NOHU J. Eng. Sci. 2023; 12(4), 1426-1435
M. §. Dogan

The Yamula Dam and HEPP is a multipurpose reservoir,
including water supply for irrigation and urban users,
hydropower generation and recreation. Table 1 shows
characteristics of the reservoir and the hydroelectric power
plant. The reservoir has a storage capacity of 3476 million
cubic meters, 2025 million cubic meters of which is active
storage, and has an area of 85.3 square kilometers. The
Kizilirmak River at this location has an average natural flow
of 67.7 cubic meters per second with annual average water
volume of 2135 million cubic meters. The hydroelectric
power plant has two Francis turbines with a total capacity of
100 megawatts (MW). The plant has a design head of 96.47
meters and overall efficiency of 0.85. The reliable power is
estimated as 35.3 megawatts with an annual average reliable
generation of 309.23 gigawatts hour (GWh) per year [32].

Table 1. The Yamula Dam and HEPP characteristics.

Plant characteristics Value
Storage capacity (10° m%) 3476
Total installed capacity (MW) 100
Average natural flow (m¥s) 67.7
Net design head (m) 96.47
Overall efficiency 0.85
Reliable power (MW) 353
Reliable generation (GWh/year) 309.23

2.2 Streamflow Dataset

The dataset includes observed streamflow values from
three stream gauge stations. The streamflow dataset is
obtained from DSI [33]. Target and input variables are
derived from this streamflow dataset. In this study, the target
variable is Yamula Dam daily outflows (Q;5014) measured

at streamflow station #1501, and 18 input variables are used
to predict this target variable. Input variables and their data
range, mean (u) and standard deviation (o) are shown in
Table 2. These input variables are day of a month (T,),
month of a year (T,), year (T,), water year (Ty,), daily

(Q1s43,¢), monthly maximum  (Qis43mmax), Monthly

average (Q1543,m,mean): monthly minimum (QlS43,m,min)l
water year maximum (Qqsa3wymax), Water year mean

(Q1543,wy,mean) and water year minimum (Q1543,wy,min) Of
streamflow station #1543, and daily (Qys354), monthly

maximum (Q1535,m,max)l monthly average (Q1535,m,mean)1
monthly minimum (Q1s35mmim), Water year maximum

(Q1535,wy,max): water year mean (le35,wy,mean) and water
year minimum (Q1s3s,wy,min) Of streamflow station #1535.

2.3 Random Forests machine learning model

Random Forests (RF) is one of machine learning
algorithms designed for classification and regression
problems proposed by Breiman [34] and commonly used in
hydrology and water resources [7]. The key concept of the
RF algorithm is that it combines ensemble approach with a
random selection of decision variables [24]. Different from
Acrtificial Neural Networks, the RF is a nonparametric,
whitebox classification and regression algorithm [24]. The
RF algorithm also has lower runtime and less prediction error
for water resources problems compared to other machine
learning algorithms, such as Extreme Gradient Boosting,
Support Vector Regressor and Artificial Neural Networks [7,
23].

Table 2. Input variables of the training and test sets for the period from October 1, 2005 to September

30, 2015.
Data range u o
Input variable
Ty [1,31]
T [1,12]
T, [2005, 2015]
Tyy [2006, 2015] - -
Qis43a (M?/5) [1.3, 546] 55.9 67.4
Q1543,m,max (m3/s) [8-7, 546] 91.2 108.4
Q1543,m,mean (m3/s) [11.2, 166.8] 55.9 50.7
Qis43mmin (M3/5) [1.3,175] 34.2 385
QlS43,wy,max (mg/s) [70.6, 546] 323 138.2
Q1543,Wy,mean (m3/s) [19.4, 838] 55.9 19.3
Q1543,Wy,min (m3/s) [1.3,14.7] 7.7 4
Qus35.0 (M°/5) [2.4,301] 333 418
Q1535,m,max (m3/s) [4-91 301] 57-8 70-1
QlS35,m,mean (m3/s) [6.4, 102.1] 333 314
QlS35,m,min (mg/s) [2-41 91-8] 20 22.3
QlS35,wy,max (mg/s) [34.1, 301] 206 78.4
Q1535,Wy,mean (m3/s) [9-6, 45-4] 33.2 10.8
QlS35,wy,min (mg/s) [2.4, 62] 4.6 1
Target variable
Q15014 (M*/5) [0.4,176] 50.5 30.4
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Therefore, RF is employed in this study for release
schedule prediction. Similar to other machine learning
algorithms, RF operates based on relationship between input
and target variables. For regression problems, the machine
learning model is trained and tested on a historical dataset
and predictions are made for periods where target variable
data are assumed unavailable. In the RF algorithm, many
binary regression decision trees are randomly grown and
ensemble average is taken for the final decision. Binary
decision trees operate based on true or false decisions. Input
variables are compared to split thresholds, and if comparison
decision is true, then the left side, if false, then the right side
of the tree branch is followed [23]. For each decision tree,
optimal splits in the set of input variables are determined
[35]. The optimal split point (j) minimizes the mean squared
error, expressed in Equation (1).

n
1 2
HIP.H _Z (yobserved - ypredicted) (1)
J N4 4
i=

Where Yopserveq 1S 0bserved value, v, eqicteq 1S predicted
value, k is split variable and n is the length of training set.

The number of trees in ensemble and maximum tree
depth are calibrated hyper parameters for RF algorithms. The
number of trees determines the size of forest and tree depth
determines the size and branches of each individual tree.
Having larger trees and forest sizes are preferred, however
after a certain point, they do not improve results and increase
runtime. Figure 2 shows calibrated hyper parameters that
minimize root mean squared error. Calibrated parameters are
as follows: the number of trees is 30 and maximum tree depth
is 15.

The streamflow dataset covers the period from October
1, 2005 to September 30, 2015. 70% of the historical data is
used to train, and remaining 30% is used to test and validate
the developed RF model. Thus, the test set, consisting of
observed reservoir releases, is randomly selected and unseen
by the model. Figure 3 compares the predicted and observed
reservoir releases of the test set. The model better predicts
especially high reservoir releases, while some low releases
are overpredicted between 0 and 25 m3/s. This is partly
because only upstream conditions are used as inputs. Large
releases occur during wet times, which can be learned by the
model from upstream records. Overall, the coefficient of

2 Z?:l(YObserved,i - ﬂobserved)(Ypredicted,i - .upredicted)

determination r2 (Equation (2)) value of 0.87 highlights the
successful prediction capability of the developed model.

Yamula Model Parameter Calibration

Root Mean Squared Error
=

0 10 20 30 40 50
Number of Trees in Ensemble
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N
o

—
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Figure 2. Model hyper parameter calibration.
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Figure 3. Test predicted and observed reservoir release
(m3/s) comparison for model validation with 30% of
randomly selected and withheld data.
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WhEre y,pservea 1S 0bserved value, popserveq 1S the mean of observed test set, vy, eqiceea 1S Predicted value, and py,eqicteq iS the

mean of predicted set.
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3 Results and discussion

The Yamula Dam and HEPP operations are simulated
between October 1, 2005 and September 30, 2015 at daily
time-steps. Reservoir releases are predicted with Random
Forests machine learning model. Using reservoir releases,
power load, generation and revenue are calculated, and
results are presented.

3.1 Reservoir release

Reservoir releases are predicted with the developed RF
machine learning model and compared to observed releases
of the Yamula dam, shown in Figure 4. The model slightly
underpredicts high releases, and overpredicts low releases,
as seen in the flow duration curves (Figure 4-a). This
commonly occurs in RF predictions as taking ensemble
average for the final decision reduces variance. However,
daily release time-series are shown in Figure 4-b. The RF
model is able to follow low and high release trends. Monthly
and water year average releases are shown in Figure 4-c and
Figure 4-d. Water year is between October 1 and September
30 of a given year. While differences between monthly and
annual average predicted and observed releases are small, the
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-
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(a) Flow-duration curve of daily releases

Monthly Average Release (m?3/s)

60
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40 A
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1 2 3 4 5 6 7 8 9 10 11 12
Month

(c) Monthly average releases

developed model tends to underpredict peak flows of May
and June. Overall, the RF model can successfully predict
reservoir releases given input conditions. As a typical large-
scale reservoir, The Yamula stores water during wet months
and releases mostly during dry months, between April and
September, when demand is high. While releasing water,
hydropower energy is generated, considering peak energy
demand hours in a given day.

3.2 Power load and generation

Hydropower is generated from vertical movement of
water. Intakes divert water into penstocks, and water flow
through turbines generate energy. The amount of power to
be generated P depends on turbine discharge Q and water
head H, which is a potential energy difference between
intakes and tailwater (Equation (3)). The water head of the
Yamula dam changes between 74.4 m and 105.5 m,
depending on reservoir storage. Water head can be
represented as a time dependant function of reservoir
storage, however, due to lack of data availability, the
constant net design head of 96.47 m is used in calculations.

. Daily Release (m3/s)

—— observed
175 —— predicted
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(b) Daily time-series of releases
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(d) Annual average releases

Figure 4. Predicted and observed reservoir releases (m3/s) of Yamula between 1/10/2005 and 30/09/2015.
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There are also other constant parameters that affect power,
which are plant efficiency n, density of water p, and
gavitational constant g. Integrating power over time t yields
generation G, and multiplying generation with wholesale
energy prices p results in hydropower revenue, shown in
Equation (4) and Equation (5), respectively.

P=n'p'gT-Q(t)-H (3)
G=n-p-g | 0@-H-d (@)
0
Load - Duration
100 4 ——————____ lotal bing capacity (TOOMW) _______

80

60

40 | median power 37.9 (M

Power Load (MW)

50%

20

20 40 60 80 100
Exceedence Probability (%)

o

(a) Probability exceedance of daily power (MW)
” Spilled Power (MW)

40

30

20 1

0

10“6 7901 qpq% ,’909 10"“ QSS‘\\ '29»\'), qp\’b qp\b‘ qp\b
Date
(c) Spilled power (MW)
o0 Annual Total Generation (GWh/year)

reliable generation

B L St i N Al
Water Year

(e) Annual total hydropower generation (GWh/year) by

water year

T
R=p-n-p-gf Q) H-dt
0

®)

where P is power (W), G is generation (Wh), R is revenue
(%), n is overall plant efficiency, p is density of water
(kg/m3), g is gravitational constant (m/s?), Q is release
(m3%s), H is water head (m), T is time (hour), and p is
wholesale energy market price ($/Wh).
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(b) Monthly average power (MW)
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(d) Monthly average hydropower generation (GWh/month)
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(f) Annual total hydropower generation (GWh/year) by

calendar year

Figure 5. Power (MW) and generation (GWh) between 1/10/2005 and 30/09/2015.
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8./

Figure 5 shows probability the distribution of daily power
load, monthly average power, spilled power, and monthly
and annual average hydropower generations with a
comparison to actual annual average generation. The
Yamula has two turbines with a combined capacity of 100
MW. The plant hits that capacity during only less than 1% of
days in a ten-year period between October 1, 2005 and
September 30, 2015. Reliable power load of the plant (35.3
MW) is slightly less than median power load (37.6 MW),
corresponding to 50% exceedance probability (Figure 5-a).
Monthly average power load is higher in April through
September, as a result of high releases during these months.
The peak power load of 47 MW is observed in June and
August. Except for February and March, the monthly
average power load is greater than reliable power in all other
months (Figure 5-b). During the modeled period between
October 1, 2005 and September 30, 2015, the reservoir spills
between April 1 and May 11, 2010. This is because, the
upper Kizilirmak River basin received 100% more
precipitation than normal in 2010 water year [36]. Spills are
not desired in hydropower reservoir operations, since
hydropower is not generated when water flows through
spillways instead of turbines. Due to spilling, power load
between 30 to 40 MW in April and May of 2010 is lost

5 Energy Price ($/MWh)

(Figure 5-c). Following a similar trend as power load,
monthly total generation is higher in April through
September because of scheduled irrigation and water supply
deliveries. Monthly total generation is lower in February and
March since water demand and wholesale energy prices are
low in these months (Figure 5-d). Between 2006 and 2015
water years, annual total hydropower generations in 2006,
and 2010 through 2014 water years are higher than annual
total reliable generation of 309.2 GWh/year. Annual total
generation is less than reliable generation in remaining years
(2007 through 2009, and 2015), shown in Figure 5-e. Peak
annual total generations of 522.6 and 525.3 GWh/year are
observed in water years 2010 and 2011, respectively.
Calendar year total annual modeled generation is compared
to actual generation in Figure 5-f. A calendar year is between
January 1 and December 31. Actual annual total generation
is obtained from Enerji Atlasi [37]. Except for years 2006
and 2010, modeled annual total generation is slightly greater
than actual generation. Assumptions, such as constant head
and constant efficiency, can result in these differences.
Nonetheless, annual average modeled generation of 362.3
GWhlyear is close to annual average actual generation of
374.7 GWh/year between 2006 and 2014.
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1 2 3 4 5

7 8 9 10 " 12
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(a) Monthly average wholesale energy prices ($/MWh)
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(b) Monthly total hydropower revenue (million $/month)
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(c) Annual total hydropower revenue (million $/year)

Figure 6. Monthly average wholesale energy prices (a), monthly average (b) and annual total hydropower revenue (c).

1432



NOHU Miih. Bilim. Derg. / NOHU J. Eng. Sci. 2023; 12(4), 1426-1435
M. §. Dogan

3.3 Revenue

Hydropower revenue is obtained from the sale of
generated energy in an energy market. Revenue is calculated
by multiplying generation with wholesale energy prices.
Energy prices can be determined in a deregulated energy
market or based on fixed contract prices between retailers
and generators. Monthly average energy prices of the year
2020 in $/MWh are gathered from EPIAS [38], shown in
(Figure 6-a). Wholesale energy prices peak in January and
remain lower April and May, when energy generation from
relatively cheaper run-of-river hydropower plants reduces
energy prices. Monthly and annual total hydropower revenue
is calculated using 2020 energy prices (Figure 6-b and Figure
6-c). Peak monthly total hydropower revenue of about 1.4
million $ is obtained in January, when energy prices peak.
Monthly revenue is also high in June through September
with greater generation and also energy prices. The lowest
monthly total revenue (0.77 million $) occurs in April, while
the lowest hydropower generation is in February. The water
year of 2008 has the lowest annual release and hydropower
generation since it was a drought year. The total revenue in
this year is 6.4 million $. While annual total generations in
2010 and 2011 are close, annual total revenue in 2011 water
year (21.5 million $) is noticeably greater than total revenue
in 2010 (20.3 million $). This is mostly because more
hydropower is generated in months with higher energy prices
in 2011 compared to 2010, resulting in higher annual total
hydropower revenue. Annual average revenue between 2006
and 2015 is calculated as 14.1 million $ per year.

4 Conclusions

Reservoir operations of the Yamula Dam and HEPP were
modeled with Random Forests machine learning algorithm.
Daily reservoir releases are predicted with various input
variables derived from reservoir upstream and upper basin
stream gauge stations. These variables include time
components of date, and minimum, mean and maximum
flows in a given month or year, in addition to daily stream
gauge observations. With a coefficient of determination r?
value of 0.87, the developed model successfully estimates
reservoir releases. Then, power load, generation and revenue
results with predicted reservoir releases are presented. The
Yamula’s median power load of 37.6 MW exceeds its
reliable power load value of 35.3 MW. The hydropower
plant generates annual average of about 362 GWh of energy
per year, gaining a revenue of 14.1 million $ per year. The
developed simulation model is easy-to-use and requires
minimal data. With only reservoir inflow and upstream
streamflow dataset, the model makes controlled release
predictions. The developed model also can be applied
periods where input variables are known but reservoir
releases unknown or to simulate different upstream
conditions and their effects on hydropower reservoir
operations of the Yamula. A similar methodology can also
be applied to other reservoirs in order to learn their daily
release schedules and simulate reservoir operation.

Conflict of interest
The authors declare there is no conflict.

Similarity rate (iThenticate): 6%

References

[1] M. S. Dogan, Hydropower generation in the era of
renewables and climate change. Ph.D. Thesis,
University of California, Davis, California, USA, 2019.

[2] K. Madani, M. Guégan and C. B. Uvo, Climate change
impacts on high-elevation hydroelectricity in
California. Journal of Hydrology, 510,153-163, 2014.
https://doi.org/10.1016/j.jhydrol.2013.12.001.

[31 A. F. Hamlet, D. Huppert and D. P. Lettenmaier,
Economic value of long-lead streamflow forecasts for
Columbia River hydropower. Journal of Water
Resources Planning and Management, 128 (2), 91-101,
2002. https://doi.org/10.1061/(ASCE)0733-
9496(2002)128:2(91).

[4] B. Chatterjee, R. E. Howitt and R. J. Sexton, The
optimal joint provision of water for irrigation and
hydropower. Journal of Environmental Economics and
Management, 36 (3), 295-313, 1998.
https://doi.org/10.1006/jeem.1998.1047.

[5] P. Coté and R. Leconte, Comparison of stochastic
optimization algorithms for hydropower reservoir
operation with ensemble streamflow prediction.
Journal of Water Resources Planning and Management,

142 (2), 04015046, 2016.
https://doi.org/10.1061/(ASCE)WR.1943-
5452.0000575.

[6] J.Li, Y. Zhang, C.Ji, A. Wang and J. R. Lund, Large-
scale hydropower system optimization using dynamic
programming and object-oriented programming: the
case of the Northeast China Power Grid. Water Science
&  Technology, 68  (11), 2458, 2013.
https://doi.org/10.2166/wst.2013.528.

[7] T.Yang, X. Gao, S. Sorooshian and X. Li, Simulating
California reservoir operation using the classification
and regression-tree algorithm combined with a shuffled
cross-validation scheme. Water Resources Research,
52 (3), 1626-1651, 2016.
https://doi.org/10.1002/2015WR017394.

[8] W. Zhang, H. Wang, Y. Lin, J. Jin, W. Liu and X. An,
Reservoir inflow predicting model based on machine
learning algorithm via multi-model fusion: A case
study of Jinshuitan river basin. IET Cyber-systems
Robotics, 3 (3), 265-277. 2021.
https://doi.org/10.1049/csy2.12015.

[9] Y. Liu, H. Qin, Z. Zhang, L. Yao, Y. Wang, J. Li, G.
Liu and J. Zhou, Deriving reservoir operation rule
based on Bayesian deep learning method considering
multiple uncertainties. Journal of Hydrology, 579,
124207, 2019.
https://doi.org/10.1016/j.jhydrol.2019.124207.

[10] A.J. Draper, A. Munévar, S. K. Arora, E. Reyes, N. L.
Parker, F. 1. Chung and L. E. Peterson, CalSim:
Generalized model for reservoir system analysis.

1433



NOHU Miih. Bilim. Derg. / NOHU J. Eng. Sci. 2023; 12(4), 1426-1435
M. §. Dogan

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

Journal of Water Resources Planning and Management,
130 (6), 480-489, 2004.
https://doi.org/10.1061/(ASCE)0733-
9496(2004)130:6(480).

R. Oliveira and D. P. Loucks, Operating rules for
multireservoir systems. Water Resources Research, 33
(4), 839-852, 1997.
https://doi.org/10.1029/96 WR03745.

J. R. Lund and J. Guzman, Derived Operating Rules for
Reservoirs in Series or in Parallel. Journal of Water
Resources Planning and Management, 125 (3), 143-
153, 1999. https://doi.org/10.1061/(ASCE)0733-
9496(1999)125:3(143).

T. Nelson, R. Hui, J. R. Lund and J. Medellin-Azuara,
Reservoir operating rule optimization for California’s
Sacramento Valley. San Francisco Estuary and
Watershed Sciences, 14 (), 2016.
https://doi.org/10.15447/sfews.2016v14isslart6.

H. Chu, J. Wei, W. Wu, Y. Jiang, Q. Chu and X. Meng,
A classification-based deep belief networks model
framework for daily streamflow forecasting. Journal of
Hydrology, 595, 125967, 2021.
https://doi.org/10.1016/j.jhydrol.2021.125967.

L. E. Besaw, D. M. Rizzo, P. R. Bierman and W. R.
Hackett, Advances in ungauged streamflow prediction
using artificial neural networks. Journal of Hydrology,
386 (1-4), 27-37, 2010.
https://doi.org/10.1016/j.jhydrol.2010.02.037.

N. Noori and L. Kalin, Coupling SWAT and ANN
models for enhanced daily streamflow prediction.
Journal of Hydrology, 533, 141-151, 2016.
https://doi.org/10.1016/j.jhydrol.2015.11.050.

T. R. Petty and P. Dhingra, Streamflow hydrology
estimate using machine learning (SHEM). Journal of
the American Water Resources Association, 54 (1), 55-
68, 2018. https://doi.org/10.1111/1752-1688.12555.

R. M. Adnan, Z. Liang, S. Trajkovic, M. Zounemat-
Kermani, B. Li and O. Kisi, Daily streamflow
prediction using optimally pruned extreme learning
machine. Journal of Hydrology, 577, 123981, 2019.
https://doi.org/10.1016/j.jhydrol.2019.123981.

Y. Li, Z. Liang, Y. Hu, B. Li, B. Xu and D. Wang, A
multi-model integration method for monthly
streamflow prediction: Modified stacking ensemble
strategy. Journal of Hydroinformatics, 22 (2), 310-326,
2020. https://doi.org/10.2166/hydro.2019.066.

A. Kumar, R. Ramsankaran, L. Brocca and F. Mufoz-
Arriola, A simple machine learning approach to model

real-time  streamflow using satellite  inputs:
Demonstration in a data scarce catchment. Journal of
Hydrology, 595, 2021.

https://doi.org/10.1016/j.jhydrol.2021.126046.

Y. Lin, D. Wang, G. Wang, J. Qiu, K. Long, Y. Du, H.
Xie, Z. Wei, W. Shangguan and Y. Dai, A hybrid deep
learning algorithm and its application to streamflow
prediction. Journal of Hydrology. 601, 1-10, 2021.
https://doi.org/10.1016/j.jhydrol.2021.126636.

W. Xu, J. Chen, X. J. Zhang, L. Xiong and H. Chen, A
framework of integrating heterogeneous data sources

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

for monthly streamflow prediction using a state-of-the-
art deep learning model. Journal of Hydrology, 614,
128599, 2022.
https://doi.org/10.1016/j.jhydrol.2022.128599.

M. S. Dogan, Estimating streamflow of the Kizilirmak
River, Turkey with single- and multi-station datasets
using Random Forests. Water Science & Technology,
87 (12), 2742-2755 2023.
https://doi.org/10.2166/wst.2023.171.

T. Yang, A. A. Asanjan, E. Welles, X. Gao, S.
Sorooshian and X. Liu, Developing reservoir monthly
inflow forecasts using artificial intelligence and climate
phenomenon information. Water Resources Research,
53 4), 2786-2812, 2017.
https://doi.org/10.1002/2017WR020482.

D. Zhang, J. Lin, Q. Peng, D. Wang, T. Yang, S.
Sorooshian, X. Liu and J. Zhuang, Modeling and
simulating of reservoir operation using the artificial
neural network, support vector regression, deep
learning algorithm. Journal of Hydrology, 565, 720-
736, 2018.
https://doi.org/10.1016/j.jhydrol.2018.08.050.

Z. C. Herbert, Z. Asghar and C. Oroza, Long-term
reservoir inflow forecasts: Enhanced water supply and
inflow volume accuracy using deep learning. Journal of
Hydrology, 601, 126676, 2021.
https://doi.org/10.1016/j.jhydrol.2021.126676.

A. Khalil, M. McKee, M. Kemblowski and T. Asefa,
Sparse Bayesian learning machine for real-time
management of reservoir releases. Water Resources
Research, 41 (12), 1-15, 2005.
https://doi.org/10.1029/2004WR003891.

S. Gangrade, D. Lu, S. C. Kao and S. L. Painter,
Machine learning assisted reservoir operation model
for long-term water management simulation. Journal of
the American Water Resources Association, 58 (6),
1592-1603, 2022.  https://doi.org/10.1111/1752-
1688.13060.

G. Qie, Z. Zhang, E. Getahun and E. A. Mamer,
Comparison of machine learning models performance
on simulating reservoir outflow: A case study of two
reservoirs in Illinois, U.S.A. Journal of the American
Water Resources Association, 59, 554-570, 2022.
https://doi.org/10.1111/1752-1688.13040.

J. D. Herman and M. Giuliani, Policy tree optimization
for threshold-based water resources management over
multiple timescales. Environmental Modelling &
Software, 99, 39-51, 2018.
https://doi.org/10.1016/j.envsoft.2017.09.016.

G. Ozdogan-Sarikog, M. Sarikog, M. Celik and F.
Dadaser-Celik, Reservoir volume forecasting using
artificial intelligence-based models: Artificial Neural
Networks, Support Vector Regression, and Long Short-
Term Memory. Journal of Hydrology, 616, 2023.
https://doi.org/10.1016/j.jhydrol.2022.128766.

Ayan Enerji, Yamula Hidro Elektrik Santrali.
https://www.ayen.com.tr/yamula-hidro-elektrik-
santrali, Accessed 3 April 2023.

1434



NOHU Miih. Bilim. Derg. / NOHU J. Eng. Sci. 2023; 12(4), 1426-1435
M. §. Dogan

[33] Dsi, Akim gozlem yilliklart.
https://lwww.dsi.gov.tr/Sayfa/Detay/744, Accessed 10
February 2023.

[34] L. Breiman, Random forests. Machine Learning, 45 (1),
5-32, 2001. https://doi.org/10.1023/A:1010933404324.

[35] L. Breiman, J. H. Friedman, R. A. Olshen and C. J.
Stone, Classification and regression trees. Taylor and
Francis, New York, 1984,

[36] MGM, 2010  yihi  iklim  degerlendirmesi.
https://lwww.mgm.gov.tr/FILES/iklim/2010-yili-iklim-
degerlendirmesi.pdf, Accessed 1 June 2023.

[37] Enerji Atlasi, Yamula Baraji ve HES yillik elektrik
lretimi.
https://www.enerjiatlasi.com/hidroelektrik/yamula-
baraji.html, Accessed 3 April 2023.

[38] EPiAS, 2020 yili elektrik piyasas1 6zet bilgiler raporu.
https://www.epias.com.tr/wp-
content/uploads/2021/01/EPIAS_2020_Yillik_Bulten_
vson.pdf, Accessed 10 March 2023.

1435



	1 Introduction
	2 Material and methods
	2.1 Study area
	2.2 Streamflow Dataset
	2.3 Random Forests machine learning model

	3 Results and discussion
	3.1 Reservoir release
	3.2 Power load and generation
	3.3 Revenue

	4 Conclusions
	Conflict of interest
	Similarity rate (iThenticate): 6%
	References

