JETEREA

OPEN ACCESS

*CORRESPONDENCE
Batmend Luvsandorj
E-mail address:
batmend@yandex.com

REVIEWED: November 21, 2025
ACCEPTED: December 23, 2025
PUBLISHED: December 29, 2025

CITATION

B. Luvsandorj, E. Khaltar, Ts.
Tserendorj, ““Application of Artificial
Intelligence Algorithms for Estimation
Daily Peak Load of the District
Heating System in Ulaanbaatar’’,
Journal of Energy Transition, vol. 3,
no. 1, pp. 8-13, Dec. 2025.

COPYRIGHT ©2025 by the authors.
Submitted for possible open access
publication under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Journal of Energy Transition
Vol. 3, No. 1, 2025

TYPE: Original article
PUBLISHED: December 29, 2025
DOI: 10.59264/jet.v3i1.103

Application of Artificial Intelligence Algorithms for
Estimation Daily Peak Load of the District Heating
System in Ulaanbaatar

Batmend Luvsandorj’, Enkhjargal Khaltar?, Tsetsgee Tserendorj?

'Heat Supply and Automation, School of Power Engineering, Mongolian University of
Science and Technology, Ulaanbaatar, Mongolia

?Institute of Thermal Engineering and Industrial Ecology, Mongolian University of Science
and Technology, Ulaanbaatar, Mongolia

3Industrial Thermal Power Systems, Moscow Power Engineering School, Moscow, Russia
*Corresponding author. E-mail address: batmend@yandex.com

Abstract - The heating system of Ulaanbaatar, has been in operation for more than 60 years; therefore,
optimizing system operation, implementing data-driven system planning and improvement, and supporting
informed decision-making have become priority objectives. This study investigates the forecasting of daily
peak loads in the district heating system (DHS) of Ulaanbaatar, Mongolia, which is recognized as the coldest
capital city worldwide. A comprehensive dataset comprising more than 80,000 hours of historical heat load
and ambient temperature data collected between 2018 and 2024 was used to develop an artificial intelligence
(AI) model based on a feed-forward back-propagation neural network. The model incorporates outdoor air
temperature and historical load values from the previous day and the corresponding day of the preceding week
as input variables. The results show that the Al-based approach achieves higher predictive accuracy than
conventional regression models, with a correlation coefficient of 0.953 and a coefficient of determination R?
of 0.925, compared with 0.91 for the regression-based method. These findings indicate that the proposed
model is suitable for supporting operational planning and load management in district heating systems
operating under extreme climatic conditions.
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Xypaanryii — Ynaan6aarap XOTbIH JyJ1aaH XaHIaM>KUIHH cucteM Hb 60 rapyi »uiIuiiH TyyXTai Oereen
CHCTEMMIH TOpHM a)KHJUIaraar OHOBYTOH OOJITOX, ereriei A33p CYypUIICAH CUCTEMHUIH TeINIOBIOIT,
caibKpyyJIanThIr XUHX, MKHIBIP rapranTan] allluriax maapuiara H9H TOpryyHJ Tyjrapy 6aiiHa. OHaxXyy
cynanraasn MoHrosn YIICBIH HMHCIAI YiaaHOaaTtap XOTBIH JyjlaaH XaHramkuiH cucremuitH (DHS)
©JpHHH OPruil a4yaaulbIl ypbIAYMIAH TaaMmariax acyyAJlbll' aBd y33B. YiaaHOaaTap XOT Hb JDJIXHHH
XaMI'MHAH XYHT3H HUHCIIDI X3M339H XYJI33H 3eB1eeperaceH 0ereen 2018-2024 oHbI X0OpOH] LyTIyyJICaH
80,000 rapyil maruifH nynaaHbl ayaanal OOJIOH OPYHBI araapblH TEMIEPATYPBIH TYYX3H M3II3JI3IILI
YHISCIH XUHMAI Ol0yH yxaaHbl (Al) 3arBapeir Gonoscpyyican. Tyc 3arBap Hp feed-forward back-
propagation M3AP3JIUIHH CYIDKIIH] CyypHiicaH 0eree 1 OpOITHIH XyBbcaryaap rajiHa araapblH TeMIIEparyp,
©OMHOX ©JIpuiiH O0JIOH ©MHOX JI0JI00 XOHOTUIH MKW ©APUIH JyJIaaHbl a4aalljIblH YTTYYABIT alllUIIACaH.
Cynanraanel yp AYHr?3c xapaxan Al-pn cyypuicaH apra Hb yJaMpKJIalIT perpeccHilH 3arBapTait
XapbllyynaxaJ Wiyy eHjep HapuiiBunanTail Oaiiraar xapyyican 0erees xamaapibit koddduruent 0.953,
ko3¢ durment R? = 0.925 Gaiican 6o perpeccuiin aproit xyBbx 0.91 Gaiina. Dxra9p yp AyH Hb caHal
Gosroxk Oyil 3arBap Hb 3pC T3C yyp aMmbcraiaraii Oyc HyTarT Yilll axkuiuiaraa siByyk Oyd mynaaH
XaHTaMXXUIH CUCTEMHUMH aIlUINIANTBIH TOJOBI6NT, a4aalUlblH yAUPIJIArbIT JIMXKUX3Z TOXHPOMMKTOUT
XapyyJik OaiiHa.

TyJaxyyp yr - XuiiMaJ1 OI0yH yXaaH, CTATUCTHK XapbllyyJIalT, JyJaaH XaHraMXKUiH cucTeM
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I.  INTRODUCTION

As of 2025, the actual heat supply in Ulaanbaatar is
approximately 49.2% below the installed capacity and
connected demand, indicating a high requirement for accurate
heat load forecasting and operational adjustment.

The first-generation district heating system (DHS) which
employs steam as the medium and concrete as the pipeline was
developed in the United States in the 1880s. From the 1930s
through the 1970s, the second generation DHS used 100 °C
hot water as the carrier [1]. Nowadays, most DHSs are
classified as the third generation, which are characterized by
underground insulated pipelines and lower supply tem-
peratures (below 100 °C) [2].

The heat supply system of Ulaanbaatar is classified as
belonging to the second-generation of district heating system
development [3]. Due to the large operational costs involved,
efficient operation of the producing units in a district heating
system is desirable [4].

The heat supply system of Ulaanbaatar is a comprehensive
and cen-tralized network that has been in continuous operation
for over 65 years. It currently delivers thermal energy to
approximately 13,900 buildings via 10 primary distribution
networks, supplied by four major combined heat and power
(CHP) plants [5]. Accurate heat load forecast is important to
operate CHP efficiently [6].

District heating (DH) load forecasting for buildings and
cities is essential for DH production planning and demand-
side management [7].

A previous study estimates that the heat load of the district
heating system in Ulaanbaatar will reach 5006 Gcal/h by the
year 2040 [8]. Accurate forecasting and planning of thermal
energy consumption are essential for ensuring the reliable
operation of heat source generators. Such planning supports
the effective response to rapidly increasing energy demand
and enables the rational selection and deployment of new
generation sources [9].

In temperate and cold climates DH provides a more cost-
effective and sustainable solution for supplying heat to
buildings in urban areas [10].

Table 1. Daily Load Factor of Ulaanbaatar DHS by Week in January

2025.
Hour Mon Tues Wed Thur Fri Sat Sun
1:00 1.000 0990 1.000 1.000 0996 0.992 0.982
2:00 0.997 0987 0995 0997 0.991 0990 0979
3:00 0988 0979 0.988 0990 0983 0.985 0.972
4:00 0981 0975 0983 0982 0984 0.980 0.966
5:00 0.973 0968 0977 0975 0975 0973 0.959
6:00 0.973 0965 0974 0975 0972 0970 0.957
7:00 0.966 0966 0974 0975 0973 0968 0.955
8:00 0.966 0967 0973 0966 0974 0967 0.955
9:00 0.968 0969 0973 0975 0975 0971 0954
10:00 0.967 0970 0974 0977 0976 0971 0.949
11:00 0975 0980 0977 0986 0984 0.979 0.962
12:00 0977 0980 0983 0971 0987 0.984 0.968
13:00 0984 0983 098 0991 0992 0.992 0.977
14:00 0986 0984 0.987 0994 0993 0.996 0.982
15:00 0984 0984 0.988 0995 0993 0.998 0.971
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16:00 0988 0984 0988 0995 0994 099  0.987
17:00 0986 0985 0986 0992 0994 0.996 0.987
18:00 0986 0984 0987 0990 0994 0995 0.987
19:00 0962 0982 0986 0990 0995 0.993 0.988
20:00 0987 0984 0985 0992 0.995 0.994 0.989
21:00 0991 0991 0993 0991 0.999 0.998 1.000
22:00 0992 0991 0994 099 1.000 0.999 0.997
23:00 0992 0994 0994 0992 0.996 0.998 0.997
24:00 0996 1.000 0.993 1.000 0.994 1.000 1.000

Table 1 summarizes the peak load characteristics of
Ulaanbaatar heat supply system during night hours and
morning hours. The data indicate potential for energy savings
through enhanced control and automation of the heating
system. Additionally, transitioning to a fully consumption-
based tariff structure could further optimize system
performance and encourage more efficient energy.

With advances in computational power and the growing
ability to record, collect, and utilize big data, artificial
intelligence algorithms have become increasingly prevalent in
various applications [9].

Al refers to computer software technologies designed to
simulate human cognitive functions, enabling machines to
perform tasks that typically require human intelligence [11].

In recent years, artificial intelligence has emerged as a core
technology in the energy industry, enhancing system
efficiency, reducing operational costs, minimizing human
intervention, and promoting sustainable development.

In this work, a daily peak load forecasting model for the
DHS was developed using an artificial intelligence algorithm,
incorporating outdoor air temperature and historical load data
from previous days as input variables. The forecasting results
were compared to predictions obtained from traditional
statistical methods based on regression analysis.

Table 2. Daily Load Factor of Ulaanbaatar DHS by Week in January
2025.

Hour
January

February
March
April
M
June
July
August
December

November

1.00 1.00 1.00 1.00 0.96 0.86 0.88 0.88
0.99 1.00 1.00 0.99 095 0.84 0.86 0.87
0.99 0.99 098 098 095 0.83 0.86 0.86 0.92 0.98 0.98 0.99
0.98 0.98 0.98 098 094 0.83 0.85 0.85 0.91 0.97 0.98 0.98
0.97 0.97 097 097 093 0.83 0.86 0.86 0.91 0.96 0.97 0.97
0.97 0.97 0.97 098 095 090 091 0.90 091 0.96 0.97 0.97
0.97 0.97 0.97 098 096 094 095 0.94 0.92 0.96 0.97 0.97
0.97 098 0.97 0.99 096 095 096 0.95 0.92 0.96 0.96 0.97
9 097 097 097 098 0.95 0.94 095 094 092 096 096 0.97
10 0.97 097 097 098 0.95 0.94 0.95 090 0.92 096 0.96 0.97
11 098 098 097 098 0.95 0.92 0.94 0.87 0.92 097 097 0.98
12 098 097 097 098 0.95 0.92 0.93 0.86 0.93 0.97 097 0.98
13 0.99 098 097 098 0.95 0.92 0.93 0.87 0.94 0.98 0.98 0.99
14 099 098 097 098 0.95 0.92 0.92 0.86 0.95 0.98 0.98 0.99
15 099 099 097 098 0.95 0.93 0.93 0.87 0.95 0.98 0.98 0.99
16 0.99 098 098 098 0.96 0.94 0.93 091 0.96 098 0.98 0.99
17 099 093 098 098 0.96 0.96 0.95 0.90 0.98 0.98 0.98 0.99
18 0.99 098 098 0.98 0.97 0.97 0.96 091 0.98 0.98 0.98 0.99
19 0.99 098 098 0.99 0.98 0.98 0.97 0.92 0.99 0.98 0.98 0.99
20 0.99 098 0.98 0.99 0.98 1.00 0.98 0.94 0.99 0.98 0.94 0.99
21 1.00 0.99 0.99 1.00 0.99 1.00 0.99 0.98 1.00 0.99 1.00 1.00
22 1.00 099 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

0.99 1.00 1.00
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23 1.00 099 0.99 1.00 0.99 0.98 1.00 1.00 1.00 1.00 1.00 1.00
24 1.00 0.99 0.99 0.99 0.96 0.92 0.94 0.94 0.98 1.00 0.99 1.00

As shown in Table 2, the period of peak load during winter
months extends from 16:00 to 24:00 hours, while in the spring
and autumn months it occurs between 20:00 and 23:00 hours.
In the summer months, heavy congestion persists from 19:00
to 23:00 hours.

The daily load profiles exhibit significant variation
between winter and summer seasons. Furthermore, weekday
loads differ notably from weekend loads, with distinct
differences observed even between individual weekdays such
as Monday and Friday. Additionally, substantial differences
exist between daytime and nighttime loads, underscoring the
strong influence of time on heat demand [10]. In Fig. 1
illustrates hourly heat load of Ulaanbaatar city DHS in
january 2025.
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Fig. 1. Hourly heat load of Ulaanbaatar city DHS in January 2025.

Fig. 2 presents the annual load profile of the DHS in Ulaanbaatar,
expressed as a percentage of the daily peak load.
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Fig. 2. The annual load profile of Ulaanbaatar DHS expressed as a
percentage of the annual peak load.
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II. METHODOLOGY

Thermal energy consumption is primarily driven by
heating, hot water, ventilation, and domestic needs, resulting
in a unique daily load profile for each of the 365 days in a
year.

As shown in Table 1, the daily load patterns vary
throughout the week and do not repeat consistently. Notably,
heat load tends to be lower on weekdays and increases toward
the end of the week. Therefore, it is essential to analyze the
relationship between the DHS load and the outdoor air
temperature, which fluctuates according to seasonal and
weather conditions.

To assess the impact of outdoor air temperature on the
thermal energy consumption of Ulaanbaatar DHS, the
correlation coefficient was calculated between daily load and
daily average temperature from 2018 to 2024.

As shown in Table 3, the result -0.937, indicates a strong
inverse correlation between temperature and heat load.

Given the strong inverse linear relationship between the
DHSs daily peak load and the average outdoor air
temperature, a single-factor regression model can be
developed to predict the peak load based solely on the mean
outdoor air temperature.

In heat load forecasting, regression models are
commonly employed, incorporating variables such as
historical heat load performance, weather parameters, day of
the week, and consumer categories.

Table 3. Correlation Coefficient Between Daily Peak Load and
Average Outdoor Air Temperature (2018-2024).

Date Correlation coefficient

2018 -0.927

2019 -0.936

2020 -0.947

2021 -0.929

2022 -0.949

2023 -0.928

2024 -0.949
Average -0.937

Heating load prediction plays an important role in
supporting the operation of a residential district energy
station [13].

Approaches for modeling the heat load in DHS can
generally be distinguished between physics-based
(leveraging physics and behavioral models) and data-driven
(leveraging Al models) [14].

Data-driven models, especially regression-based
supervised learning techniques, have gained prominence in
heat demand prediction within DHSs [15].

Heating load prediction algorithms for DHSs have
become an important research area in recent years because
these algorithms can improve the effectiveness of energy-
saving strategies. [16]

https://jet-journal.org
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An Al algorithm is a computational method capable of
automatically improving its performance by learning from
data. With a sufficiently large dataset in this case, over 80,000
hours of recorded data these algorithms can generate highly
accurate predictions.

In modern engineering practice, specialized software is
widely used for scientific, technical, and economic
calculations. Examples include Mathcad, MATLAB, Maple
Flow, Python, and SMath, among others. These tools offer
significant advantages such as time savings, the ability to
solve complex differential equations, and improved
calculation accuracy [12].

In this study, the training and optimization of the
artificial intelligence algorithm were conducted using the
Python programming language and IBM SPSS software.

In the early stages of heat load prediction research,
statistical ~analysis techniques were primarily used,
leveraging statistical and mathematical expertise to construct
prediction models [17].

The Al algorithm utilized input variables including the
previous day’s load performance, the load from the same day
one week prior, the average temperatures of those days, and
the difference in ambient temperature on the forecasted day.
The output of the model is the predicted daily peak load. The
overall model framework is illustrated in Fig. 3.

Neural networks are a fundamental technology within
Al and machine learning, modeled mathematically after the
functioning of neurons in the human brain [11]. They are
designed for data processing, feature extraction, prediction,
and decision-making tasks.

Machine Leaming
(Python, SPSS)

Heatload of the T\—;ﬂ

Input

revious da Avtficial Neural Netvork I
- y Number of Day [ANN) 143 ’\ }

At = t( = rPday—W """
Numberof hour Feed-Forward
Peak Load
= Gealth

@

Heat load on the —

same day last week Working day
<oefficient

At=t -t

t Pday-7

2017-2024
80% - learning
20% - test =

——
Back-Propagation

Fig. 3. Machine learning model.

A. Neural Network Architecture
The architecture consists of an input layer, two hidden
layers, and an output layer. A two-layer architecture was
chosen to provide sufficient depth for capturing thermal
inertia in the district heating network without the
computational risk of vanishing gradients found in deeper
models. The configuration is detailed as follows:
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Input Layer: Comprises 4 neurons corresponding to the
selected features (Outdoor temperature, previous day load,
and same-day-last-week load, working day coefficient).

Hidden Layers: To capture the non-linear complexities
of the Ulaanbaatar heating network, two hidden layers were
implemented.

Hidden Layer 1: 12 neurons with a ReLU (Rectified
Linear Unit) activation function.

Hidden Layer 2: 8 neurons to further refine the feature
extraction.

Output Layer: 1 neuron representing the predicted Daily
Peak Load (Gcal/h).

B. Training Parameters and Optimization
To ensure the model converges efficiently and avoids
overfitting, the following training parameters were set:

e Optimizer: Adaptive Moment Estimation optimizer
was used, as it is robust for noisy datasets like urban heat
loads.

e Loss Function: Mean Squared Error (MSE) was
selected as the primary loss function to penalize larger
forecasting deviations.

e Data Split: The dataset (2018-2024) was partitioned
using an 80/10/10 split: 80% for training the weights,
10% for validation to tune hyperparameters, and 10%
for the final independent testing to verify the results
shown in Figure 3.

e Software Implementation: Data preprocessing and
correlation matrices were generated in IBM SPSS v27.
The neural network training and the comparative
visualization were executed in Python 3.9.

The proposed model employs a feed-forward back-
propagation neural network with two hidden layers. The
network architecture was implemented and optimized using
Python in combination with IBM SPSS.

II. RESULTS AND DISCUSSION

Table 4 shows that, when the neural network was
developed using IBM SPSS software and trained with the
artificial intelligence algorithm, the predicted heat load is
most strongly correlated with and influenced by the heat load
of the previous day and that of seven days prior.

Table 4. Correlation Between Predicted Heat Load and Influencing

Factors.
Specification Test-1 % Test-2 % Average %
The previous day's 495 84.1 66.8
performance
Temperature dlfference 11 34 23
outside the previous day
Previous 7-Day Performance 48.5 6.6 27.6
Temperature difference
outside the previous 7 days 0.8 >4 3.1
Others 0.1 0.5 0.3
Total 100 100 100

https://jet-journal.org
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Fig. 4. The predicted daily peak load and actual values as a
function of outdoor air temperature for selected days from the
2018-2024 dataset, generated using an Al-trained algorithm.

Fig. 4 illustrates the predicted peak load totals and
actual values plotted against the outdoor air temperature for

selected days from the 2018-2024 dataset, using an Al-
trained algorithm.
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Fig. 5. Comparison of predicted peak load profiles and actual
values using Al-trained algorithms.

Between 2018 and 2024, the artificial intelligence
algorithm was trained using over 80,000 hours of data from
Ulaanbaatar district heating system (DHS). The Al-generated
predictions deviate by no more than +5% from actual
performance in 95% of cases.

+ Actunl values « Predicted doily peak lond st

Fig. 6. Comparison of actual daily peak loads of the DHS
(2018-2024) with predictions from the regression model and
machine learning algorithm.

Using data from 2018 to 2024, the daily load for the
years 2020-2024 was predicted by an Al-trained algorithm,
as illustrated in Fig. 6.
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Table 5 presents a statistical comparison between the
predictions obtained from regression models and artificial
intelligence algorithms. The regression model achieved a
correlation coefficient of 0.91, while the artificial intelligence
algorithm attained a higher correlation coefficient of 0.953,
indicating superior accuracy.

Table 5. Comparison of Regression Model and Machine Learning
Prediction Results.

Specification Regression model =~ Machine learning
Iy 0.91 0.953
R? 0.83 0.925

IV. CONCLUSION

In the context of the increasing application of artificial
intelligence algorithms in the energy sector, a methodology
for heat consumption planning was developed and evaluated.
The heat load characteristics of individual heating systems in
Ulaanbaatar, one of the coldest capital cities worldwide, and
potential energy-saving measures were identified.

The analysis shows that heat load predictions obtained
using artificial intelligence algorithms exhibit a strong
dependence on the measured load values of the previous day
and the preceding seven days.

For daily peak load forecasting, the Al-based approach
demonstrates higher predictive accuracy than conventional
statistical methods, with approximately 95% of predictions
derived from more than 80,000 hours of data falling within
+5% of the observed values.

This study demonstrates that neural network—based Al
algorithms offer improved predictive capability for peak heat
loads in extreme climates such as Ulaanbaatar when
compared with traditional statistical methods. The obtained
correlation coefficient of 0.953 indicates that such models are
suitable for integration into real-time district heating system
(DHS) operational management.

In heat supply systems, Al is regularly employed for
energy demand forecasting, leak detection and network
optimization, smart transmission and distribution network
management, CO- emissions reduction, and the integration of
renewable energy sources such as solar thermal systems,
geothermal heat, biofuels, and waste heat recovery.

Despite the achieved accuracy, the black-box nature of
the model remains a limitation, as it provides limited
interpretability with respect to the underlying thermodynamic
behavior of the network. In addition, the model performance
depends on the availability and quality of historical data;
consequently, prediction accuracy may deteriorate under
anomalous weather conditions or during rapid urban
expansion not represented in the training dataset.

Future work should therefore focus on hybrid modeling
approaches that integrate physics-based constraints with Al
techniques to enhance interpretability and robustness under
extreme climatic variations.
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