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Preface

In the era of unprecedently rapid technological advancement, the integration of inno-
vative information technologies into various sectors has become pivotal in shaping a
smarter and more interconnected society. The 14th International Conference on Infor-
mation Society andTechnology has once again brought an insight into these technologies
through a collection of groundbreaking research, compiled in this volume. This book
presents a comprehensive overview of the latest advancements and practical applications
across multiple domains.

The volume is organized into five distinct sections, each highlighting a critical area
where information technologies are driving significant transformations: AI-enhanced
Industry, Digitalization in Health, Well-being, and Sport, Enterprise Information
Systems of the Future, Large Language Models, and Security and Safety.

The first section explores the transformative potential of artificial intelligence in
industrial contexts. Research in this section focuses on the application of advanced AI
techniques to optimize processes, enhance efficiency, and predict outcomes in various
industrial systems. The integration ofmachine learningmodels and decision support sys-
tems exemplifies the innovative approaches being developed to address complex indus-
trial challenges. These advancements underscore the crucial role of AI in modernizing
industries, making themmore responsive and adaptive to changing conditions. By lever-
aging AI, industries can achieve significant improvements in productivity, sustainability,
and operational efficiency, paving the way for a new era of industrial innovation.

Digitalization is revolutionizing the health and well-being sectors, offering novel
opportunities for improving patient care, diagnostics, and sports performance analysis.
This section presents research that leverages digital technologies to enhance health out-
comes and well-being. Studies such as those on marker-less motion analysis, algorithm-
based impact assessments, and the application of computer vision models in sport
highlight the potential of digital solutions to transform healthcare delivery and sports
analytics, ultimately improving quality of life.

The evolution of information systems is a key focus in the third section, where
innovative approaches are being developed to enhance business processes and improve
efficiency. Research in this section addresses the integration of AI into enterprise sys-
tems, automation of testing processes, and the development of advanced educational
tools. These contributions signify a leap toward the next generation of enterprise solu-
tions, characterized by increased automation and enhanced process awareness, reflect-
ing a forward-looking vision for enterprise systems that are more intelligent and adap-
tive. By harnessing the power of AI and automation, businesses can streamline opera-
tions, reduce costs, and improve decision-making processes, ultimately achieving greater
competitiveness in the global market.

Large language models (LLMs) have emerged as a significant breakthrough in natu-
ral language processing, offering new possibilities for understanding and generating
human language. This section discusses the capabilities and applications of LLMs,
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including comparative analyses, semantic exploration, and emotion detection. These
studies demonstrate the broad applicability and transformative power of LLMs. They
push the boundaries of language technologies, providing insights into how LLMs can
be leveraged to improve communication, education, and information retrieval.

The final section addresses the critical issues of security and safety in the digital
age. As technology advances, ensuring the reliability and security of systems and data
becomes increasingly important. This section presents research focused on develop-
ing robust security measures, risk assessment platforms, and methodologies for safe-
guarding digital assets. The innovative approaches discussed here also aim to mitigate
risks, enhance structural safety, and ensure the secure configuration of web applications.
These contributions highlight the ongoing efforts to build a safer and more secure digital
environment.

In conclusion, “Disruptive Information Technologies for a Smart Society” provides
a comprehensive overview of the cutting-edge research presented at the 14th Interna-
tional Conference on Information Society and Technology. The breadth and depth of the
research compiled in this volume underscores the pivotal role of information technolo-
gies in driving societal progress. This book not only serves as a repository of advanced
knowledge but also as an inspiration for future research and development in the field of
information technology. As editors, we extend our gratitude to the authors and reviewers
whose contributions have made this publication possible.

Miroslav Trajanović
Nenad Filipović

Milan Zdravković
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Deep Learning Models for Metal Surface Defect Detection . . . . . . . . . . . . . . . . . . 82
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Advanced Automated Testing and Grading System for Computer Systems
for the VLSI Course . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 236
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Semantic Exploration of Industrial Standards Using Large Language
Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 289

Stevica Cvetković, Matija Špeletić, and Saša V. Nikolić
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Machine Learning Model for Prediction
of Indicative Water Parameters on the Danube

River Based on Satellite Data

Velibor Ilić(B) , Milan Stojković , Zorica Dodevska , and Slobodan Ilić

The Institute for Artificial Intelligence Research and Development of Serbia, Novi Sad, Serbia
velibor.ilic@ivi.ac.rs

Abstract. This study introduces a novel machine-learning approach using
Sentinel-2 satellite images for water quality assessment in the Danube River. Uti-
lizing a deep neural network to build a model that integrates multispectral satellite
data with in-situ measurements, the research provides a comprehensive analy-
sis with augmented data. It demonstrates high predictive accuracy for significant
water quality indicators for the Danube River. The R2-result exceeds 0.98 for
water temperature, electrical conductivity, and dissolved oxygen, while slightly
less precision is achieved for chemical oxygen demand. Our method represents a
scalable, efficient improvement of traditional assessment techniques, emphasiz-
ing the synergy of remote sensing and machine learning. It significantly advances
monitoring water quality parameters in hydrology stations on river flows near
urban environments with the possibility of implementing it in other locations of
interest. In addition, our approach that uses filteringmasks is adaptable to different
in-land water surface satellite-based precise detections.

Keywords: machine learning · deep neural network · satellite data · Sentinel-2 ·
water quality parameters · Danube River

1 Introduction

In recent years, advances in satellite technology have enabled new ways to monitor
the environment, especially in the assessment of water quality parameters on a global
scale [1–7]. Integrating machine learning (ML) with satellite data [8–11] represents
a state-of-the-art approach to predicting significant water quality indicators, offering a
comprehensive and effectivemethod for environmentalmanagement and policy-making.
Moreover,ML techniques are increasingly employed for spatial interpolation, enhancing
the prediction of environmental variables across large, unsampled areas by leveraging
patterns detected in satellite imagery [12–14]. This paper introduces a new ML model,
based on filteringmasks for more precise detection of in-landwater surfaces, designed to
use satellite data to accurately predict criticalwater parameters such aswater temperature
(T), electrical conductivity (EC), dissolved oxygen (DO), and chemical oxygen demand
(COD).

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2024
M. Trajanović et al. (Eds.): ICIST 2024, LNNS 860, pp. 3–11, 2024.
https://doi.org/10.1007/978-3-031-71419-1_1
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Using large amounts of data available fromEarth observation satellites, the proposed
model aims to provide insight into water quality trends, enabling timely and effective
responses to environmental challenges. Our research bridges the gap of predicting river
parameters measured at one point (i.e., at the hydrology station) to another where mea-
surements are not available in appropriate frequencies, offering a novel water resource
management and conservation framework that efficiently combines remote sensing tech-
nology and machine learning techniques. We validated the model on hydrology stations
(HS) located on theDunavRiver at the two biggest cities in Serbia, Belgrade (HSZemun)
and Novi Sad (HS Varadin Bridge).

2 Research Questions

Table 1 represents an overview of the research questions essential for this study.

Table 1. An overview of research questions.

No Research question The purpose of the research question

1 What ML model can effectively predict
indicative water parameters, such as T, EC,
DO, and COD, from satellite data?

This question addresses the core objective
of the research: developing an ML model
tailored to interpret satellite imagery for
water quality assessment

2 How does the performance of the
developed model compare with traditional
water quality monitoring methods?

This question explores the preprocessing
steps required to transform satellite data into
a format suitable for ML analysis

3 How does the performance of the
developed model compare with traditional
water quality monitoring methods?

This question aims to evaluate the
effectiveness, efficiency, and scalability of
the ML model against conventional methods

4 What are the limitations of using satellite
data and ML in water quality prediction,
and how can these be mitigated?

This question helps in understanding the
constraints of this approach and proposing
solutions or improvements

5 What are the broader implications of this
research for environmental monitoring?

This question brings the opportunity to
augment the available data of environmental
critical points via satellite imagery and
improves the quality of environmental
decision-making

6 How can the model be adapted or expanded
to other environmental monitoring
applications?

This question explores the wider impact of
the research and its potential applications
beyond the scope of water quality
monitoring



Machine Learning Model for Prediction of Indicative Water Parameters 5

3 Methodology

Sentinel-2 satellite is equipped with a Multispectral Imager (MSI). This sensor has 13
spectral bands with pixel sizes ranging from 10 to 60 m. It has a 10-m resolution in its
blue (B2), green (B3), red (B4), and near-infrared (B8) channels. The ground sampling
distance for its red edge (B5), near-infrared NIR (B6, B7, and B8A), and short-wave
infrared SWIR (B11 and B12) is 20 m. Finally, its coastal aerosol (B1) and cirrus band
(B10) have pixel sizes of 60 m.

To prepare the data for prediction of water quality indicators at specific coordinates
(longitude, latitude), we first download satellite data covering all 13 bands for a 3 ×
3 km area, ensuring that the specified coordinates are at the center. After this step, a
filtering mask is applied to the data to retain only values corresponding to measurements
taken on the water surface. We then calculate the values for each of the 13 bands for
these filtered points (water surface). As a result, we obtain data for all 13 bands for
each point. Additionally, we assign a ‘day_of_year’ variable to each point, which is
determined by the date of the data. These 14 values (13 average values of the bands and
‘day_of_year’) represent the input for the ML model. Satellite data were collected at
locations where there are two measuring stations, HS Varadin Bridge (Novi Sad) and
HS Zemun (Belgrade), as shown in Fig. 1.

Fig. 1. Map with two hydrology stations at Belgrade (HS Zemun) and Novi Sad (HS Varadin
Bridge).
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During the summer, water surfaces are most distinctly identifiable at Band7 values.
Figure 2 illustrates these values within a 3× 3 km area at the coordinate (44.85 Latitude,
20.41Longitude) for January, and Fig. 3 July. The contrast between land andwater values
is particularly evident in the July readings. Masks for differentiating measurements over
water and land can be developed using Band7 data from Sentinel, especially in July,
where water surfaces exhibit lower values compared to higher land values. Figure 4
shows only filtered measured values over water surfaces. These data filtering masks,
designed in this manner, are applied across all other bands and throughout the entire
year.

Fig. 2. Values of Band7 at area 3 × 3 km at the coordinate 44.85 Lat, 20.41 Long for January.

Fig. 3. Values of Band7 at area 3 × 3 km at the coordinate 44.85 Lat, 20.41 Long for July.
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Fig. 4. Filtering masks for water surfaces.

Historical data about the Danube River’s parameters, including T, EC, DO, and
COD, have been available at the HS Varadin Bridge with daily frequency since October
2012. The data are collected from the Republic Hydrometeorological Service of Serbia
(RHMS) and the Serbian Environmental Agency (SEPA) annual reports available on
websites [15–18].

Additionally, data collection from the Sentinel-2 satellite started in July 2015. To
train our ML model, we use both the satellite data and the measured historical data.
The dataset contains information from July 2015 to December 2022. However, since the
Sentinel-2 does not provide data each day, any measurements corresponding to dates
without satellite data have been excluded from the dataset.

4 Solution/Discussion

The dataset is structured to provide input and output data for a machine learning model.
Each row in the data set contains 18 values. The first 14 values are input values used as
the input of the ML model: 13 average values of Sentinel Bands, and the 14th value is
‘day_of_year’. The remaining four values represent water quality indicators: T (°C), EC
(µS/cm), DO (mg/l), and COD (mg/l), values that the model should learn to predict at
the output of the network. The dataset created in this way contains 2065 rows of data.

A deep neural network (DNN) model was used in this project, (Fig. 5). It contains
14 inputs (13 range values from the Sentinel-2 satellite and the ‘day_of_year’ value),
three hidden layers, and four outputs (T, EC, DO, and COD). The first, second, and third
hidden layers contain 256, 128, and 64 nodes, respectively, with sigmoid activation.
After the first layer, a drop probability of 0.25 is applied, and after the second layer,
a drop probability of 0.1 is used. The Adam optimizer is used during training, and the
loss function is the mean squared error (MSE) function. The model was trained in 300
training epochs.
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Fig. 5. DNN model used for prediction water quality indicators (T, EC, DO, and COD).

5 Results

The model was trained using the historical dataset regarding the HS Varadin Bridge.
Verification of the accuracy of the predictions of the trained model is performed on
the data collected at the HS Zemun. The dataset for checking the predictions is created
similarly to the dataset for training the model. However, satellite data regarding the HS
Zemun is downloaded only for dates when RHMZ and SEPA measurement data are
available. A filter mask is applied to retain the values measured above the water surface
(to remove the values measured above the land). Average values for each of the 13
bands are calculated from the remaining measurement values on water surfaces. In the
continuation, the values are normalized to the range 0.1, and such values are divided by
the network input. Finally, the network outputs predictions for four parameters (T, EC,
DO, and COD) are obtained.

The results presented in Figs. 6 and 7 are predictions on data collected at HS Zemun,
serving as a test dataset, since the networkwas trained using data collected at HSVaradin
Bridge. TheMLmodel prediction results demonstrate high accuracy in predicting T, EC,
and DO from satellite data, with R2 values exceeding 0.98, indicating that the model
explains over 98% of the variance in these parameters (Fig. 6). However, the prediction
for COD is slightly less accurate, with an R2 value of 0.9209. The mean square errors
(MSE) for the predicted values of the four parameters are 2.7845, 1269.82, 1.4778 and
1.6557. Figure 7 displays four line graphs showing the values for T, EC, and DO for
the period from 2015 to 2023, where the values predicted by the trained model can be
compared with the expected values.
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Fig. 6. Results of prediction at HS Zemun location.

Fig. 7. Results of prediction at HS Zemun location on test results.

6 Conclusion

This study demonstrates that a ML model trained on Sentinel-2 satellite data is highly
effective for predicting significant water quality parameters in the Danube River. By
integratingmultispectral satellite datawith in-situmeasurements, themodel exhibits high
accuracy in predicting significant water quality parameters, with an R2-result exceeding
0.98 for most indicators. Although slightly less precise for COD, the overall method
marks a significant improvement over traditional techniques, combining the strengths
of remote sensing and machine learning. This scalable approach not only enhances
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monitoring at hydrology stations near urban areas along the Danube but also shows
potential for application in other water bodies. The adaptability of our filtering mask
technique further underscores its utility in diverse inland water surface contexts. In the
next phase of our project, we plan to collect data from multiple measuring points along
the Danube to develop a more comprehensive dataset. This expansion will facilitate
more precise predictions across all parameters, with a particular focus on improving the
accuracy of the COD parameter.

Acknowledgment. This paper results from project REmoteWAter qualitymonitoRing anD Intel-
liGence – REWARDING [grant number 6707], supported by the Science Fund of the Republic of
Serbia.
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Faculty of Mechanical Engineering in Niš, University of Niš, Ul. Aleksandra Medvedeva 14,
18000 Niš, Serbia

milan.zdravkovic@masfak.ni.ac.rs

Abstract. This paper presents a comparative study of two distinct approaches,
XGBoost and Long-Short TermMemory (LSTM), for forecasting transmitted heat
energy in District Heating Systems (DHS). The objective is to explore scenarios
in which conventional ML algorithms demonstrate better performance over deep
learning networks in time series forecasting and the associated benefits in terms
of computational cost and environmental impact. The study focuses on a real-
world DHS dataset. Through experimentation and analysis, it is demonstrated
that XGBoost consistently outperforms LSTM in this specific forecasting task.
The difference is explained by the error distribution illustrating that LSTMmakes
more significant errors in the intervals of less data availability. The reduced com-
putational demands of conventional ML approaches not only result in cost savings
but alsominimize the carbon footprint associatedwith data analysis tasks in energy
systems.

Keywords: Machine Learning · Neural Networks · Time Series Forecasting ·
District Heating Systems

1 Introduction

The extreme popularity and availability of off-the-shelf deep learning algorithms and
architectures today have created excitement and very high expectations related to quickly
addressing different automation challenges in different industries. The promise of sim-
plicity of use combined with performance already demonstrated mostly in the cases of
language processing and computer vision, has led to a surge in applying these tech-
nologies across various sectors. These include healthcare, finance, automotive, and
more, where they are being used for tasks like disease detection, financial forecast-
ing, autonomous driving, and customer service automation. However, this enthusiasm
must be temperedwith a recognition of the complexities involved. Successful implemen-
tation often requires large amounts of high-quality data, and the ability to interpret and
fine-tune models to specific needs. Moreover, issues like algorithmic bias, transparency,
and ethical considerations pose additional challenges.
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The reality is that while deep learning offers powerful tools, their effective appli-
cation demands more data, more care and more expertise. Quite often, Deep Learning
architectures are tested quickly and applied without careful consideration and with prej-
udice driven by AI hype. This hasty adoption often leads to overlooking crucial aspects
like algorithm suitability, data quality, and computational requirements. The result is sys-
tems that either underperform or consume excessive energy, thus negating the benefits
of using AI. This situation underscores the importance of a more measured approach to
implementing Machine Learning solutions, one that involves thorough testing, consid-
eration of environmental impact, and an understanding of the specific problem context.
Moreover, it emphasizes the need for organizations to invest in building or acquiring
the necessary expertise to harness the full potential of AI technologies effectively and
sustainably.

The objective of research behind this paper is to demonstrate that traditional ML
algorithms are indeed competitivewhen compared to complex neural network algorithms
in certain time series forecasting problems. This will be showcased on the example of
forecasting transmitted heat energy in District Heating Systems.

Despite the maturity of District Heating systems (DHS), substantial opportunities
exist for enhancing their operational efficiency. This particularly pertains to the reduction
of fuel consumption costs and minimization of carbon emissions. A promising strategy
involves capitalizing on the considerable potential for reengineering current short- and
long-term operational strategies of DHS. This can be achieved through the utilization of
precise heat demand forecasts. Such forecasts are crucial for optimizing heat production,
which leads to reduced fuel consumption, waste, and CO2 emissions. Additionally,
this approach ensures maximum consumer satisfaction and facilitates more effective
planning for both short and long-term heat production.

The forecasting problem and methodology are described in Sect. 2. Section 3 intro-
duces and describes two competitive approaches, and it presents the implementation of
experiments with the two proposed and argued architectures. Section 4 discusses the
final results.

2 Methodology

In essence, the operation of District Heating System (DHS) plants involves either auto-
mated or semi-automated management of primary (at the plant level) and secondary (at
the substations level) supply water temperatures, as well as water flow in the primary
supply. The primary and secondary flows are closed loop and the energy from primary to
secondary lines is exchanged through a heat exchanger. Themanagement of supplywater
temperature is based on the collective DHS demand and prevailing weather conditions.
The overall DHS demand is determined by the transmitted heat energy in the specified
interval, namely the difference between the measurements of transmitted energy in the
current and past timepoint, recorded at the calorimeter, located at the return primary line.

Presently, conventional DHSs are managed through a Supervisory Control And Data
Acquisition (SCADA) system. This system integrates various sensors, control mecha-
nisms, and algorithms that automatically modify operational parameters in response to
sensor data. DHS control at the district heating substation levels (primary and secondary
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sides of DHS) is automated. This includes the implementation of appropriate hot water
reset controls (outdoor air reset or control curve), often described as a regulation curve,
used by SCADA system to deduce desired supply line water temperature based on the
measured outside air temperature.

The process is described in detail and forecasting model elaboration is provided
in the earlier work [1]. This paper examines the potential to replace simplistic control
curve with a model capable to forecast the transmitted energy based on the measured air
temperature in the previous timepoint.

The selected comparative methods are stacked Long-Short Term Memory architec-
ture and Gradient Boosting approach, namely its XGBoost implementation. The experi-
ment involves preparing the data appropriately for eachmodel, training bothmodels, and
then evaluating and comparing their performance using relevant metrics. Additionally,
XGBoost model is optimized by finding the set of hyperparameters providing the best
metrics. The method used was Bayesian optimization.

The metrics used were Root Mean Square Error (RMSE), Mean Absolute Error
(MAE) and Coefficient of determination (R2 score). The coefficient of determination,
often denoted as R2 (R-squared) is a statistical measure that represents the proportion
of the variance for a dependent variable that’s explained by an independent variable or
variables in a regression model. Additional metrics for comparison are time for training
and inference on the test set. The experiment is carried out in Google Colab environment,
using T4 GPU runtime.

Implementation ofXGBoost for regression problems expects a structured dataset, not
a time series. Transforming time series data into a format suitable for regression problems
is a common approach in Machine Learning for forecasting and other time-dependent
analyses. This process involves converting the sequential nature of time series data into
a structured format that a regression model can understand. One standard method is to
create lagged features, which are values from previous time steps used as separate input
features. The number of lagged features (also known as the lag order) depends on the
specific problem and how far back in the past the predictive patterns extend.Additionally,
certain qualities of the times of the measured instances will be extracted and used as
features, namely, hour of the day, day of the week and month.

3 Implementation

Data from one substation, namely substation 9 from the local DHS, was used for the
experiment. Data included outside ambient temperature from the sensor located at the
building facade, on the north side; temperatures of water in supply and return primary
and secondary lines and transmitted energy, measured by the calorimeter located at the
primary return line. Two heating seasons were considered for analysis, namely 2018/19
and 2019/20, in total 5832 timepoints.

Ambient temperature and transmitted energy were used in model training, while the
other features were dropped. Transmitted energy in the selected timepoint is calculated
as the difference of the energy reading in that timepoint and in the previous one. Only
the period from November to March was considered in the analysis. Normally, heating
season starts mid-October and lasts till mid-April. However, those periods are charac-
terized by high variance in temperature, special regimes of operation and thus, will not
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be accounted for. The missing data was found in the dataset. This was due to the lack
of 3G network connectivity at certain time points. Missing data were imputed by using
linear interpolation.

Overall distribution of available data is displayed in Fig. 1, after resetting date time
index in order to enable a continuous signal presentation. Also, zoomed in overlay plot
illustrates the correlation between the outside temperature and transmitted heat energy.

Fig. 1. Ambient temperature (top), transmitted energy time series data (mid) and zoomed-in
overlay of two signals.

Both time series are stationary, which is confirmed by the Augmented Dickey-Fuller
(ADF) test. In a stationary time series, the mean, variance, and autocorrelation structure
remain constant across different time points. Stationarity is an important requirement
for the good performance of parametric algorithms, such as neural networks.

Fig. 2. Distribution of transmitted energy (left) and ambient temperature (right) with KDE line.
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The distribution analysis of two relevant time series signals (distribution of data
points - histogram, and the underlying probability density - Kernel Density Estimate plot
are presented in a Fig. 2) indicate relatively high sparsity of hourly transmitted energy
feature, where zeros in certain time points indicate that the system is not operational,
mostly in cases of high outside temperatures.When this is ignored, deltae signal exhibits
normal distribution. Normal distribution is also exhibited by the outside temperature
signal, with minor skewness towards higher temperatures.

The value of Spearman coefficient (-0.308) and p-value (0.000) indicate that there is
statistically significant negative associationbetween two signals,which is expected.Even
though both signals are normally distributed, Spearman values are considered instead
of Pearson coefficients as more reliable indicator of association because of relatively
high sparsity of deltae signal and zero data which can be also interpreted as outliers to
which Spearman coefficient exhibits better response. Besides less sensitivity to outliers,
the Spearman coefficient indicates monotonic relationship and does not assume linear
association.

Two models and their respective forecasting capabilities will be tested with the data
above, namely stacked LSTM model and XGBoost.

3.1 Implementation of Stacked LSTM Model

Long Short-Term Memory (LSTM) networks [2] are a special kind of Recurrent Neural
Network (RNN) [3], specifically designed to learn from sequences of data and remem-
ber long-term dependencies in the data. They are widely used for sequence prediction
problems, such as time series forecasting, natural language processing, and speech recog-
nition. LSTMs are design to address the specific limitation of traditional RNNs related to
struggling to capture long-term dependencies in a sequence due to the vanishing gradient
problem.

LSTMs maintain a hidden state vector and a cell state vector across time steps,
which help them store and manage long-term dependencies in the data. An LSTM
unit consists of three main components: forget gate which “decides” what information
should be thrown away or kept, input gate that updates the cell state, and output gate
which “decides” what the next hidden state should be. In each time step, the LSTM cell
takes three pieces of information: the current input data, the previous hidden state, and
the previous cell state. Based on these inputs, it produces a new hidden state and a new
cell state, which are passed to the next time step.

LSTM networks take structured data transposed to supervised regression problem
format by introducing certain number of datapoints from the past in one instance, namely
lagged timepoints. For both experiments, 6 timepoints in the past will be considered in
each data instance. 80% of all data will be used for training, while 20% will be set aside
for testing the trained model.

For the case of training LSTM architecture, data was normalized. Normalization is a
crucial step for pre-processing data for training neural networks, as it improves gradient
descent efficiency and effectiveness by preventing local minima.

The architecture used in the experiment was stacked LSTM, with two LSTM layers
each with 100 units and Rectified Linear Unit activation, each followed with dropout
layer. Mean absolute error was used as a loss function and efficient Adam optimizer has
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been used. Training was carried out with 100 epochs and batch size of 24, where 20%
of the training set was used for validation.

Fig. 3. Stacked LSTM model training and validation loss

Model training and validation loss curve (see Fig. 3) demonstrated good generaliza-
tion and it did not show overfitting, already mitigated by using dropout regularization in
the model architecture.

3.2 Implementation of XGBoost Model

XGBoost (Extreme Gradient Boosting) [5] is a highly efficient and flexible algorithm
widely used for supervised learning tasks. It is an implementation of gradient boosted
decision trees designed for speed and performance. XGBoost has gained popularity in
machine learning competitions and practical applications due to its effectiveness and
efficiency in handling various types of tabular data and relevant tasks.

XGBoost is an ensemble learningmethod, specifically a boosting technique. It builds
the model in stages, and each stage adds new models to correct the errors made by the
existing ensemble of models. It operates within the gradient boosting framework [6]
by constructing a new model that adds to an existing ensemble of models in a way
that minimizes the overall prediction error. The “gradient boosting” part refers to the
algorithm’s use of the gradient descent algorithm to minimize the loss when adding new
models.XGBoost primarily uses decision trees as its base learners. Eachnew tree corrects
the residual errors (differences between predicted and actual values) of the previous trees.
A key feature that differentiates XGBoost from other gradient boosting methods is its
built-in regularization (both L1 and L2), which helps to prevent overfitting and improve
model generalization. XGBoost can automatically handle missing data, making it robust
to problems with incomplete datasets. It is optimized to efficiently handle sparse data. It
incorporates a learning rate (shrinkage), which scales the contribution of each new tree
added to the model. This can be used to prevent overfitting.
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Feature engineering practices ensure that time dimensions are accurately reflected
in the relevant features. Given the cyclic nature of district heating systems operation,
it is assumed that hour of day is one of the significant features. Besides that, relevance
of day of the week is expected to be non-trivial, especially when considering if the day
is a working day or not. Spearman correlation coefficients show statistically significant
association between hour of the day and month with transmitted heat energy (SPhour =
−0.339, SPmon =−0.150). Interestingly, the hypothesis on the association between day
of the week and transmitted heat energy was not confirmed.

For optimizing hyperparameters of XGBoost regressor, a Bayesian approach was
used. Bayesian optimization is an optimization strategy, particularly useful for Machine
Learning scenarios where the evaluation of the objective function (such as model valida-
tion loss) is computationally expensive. Bayesian optimization is a probabilistic model-
based approach. It constructs a posterior distribution of functions (probability model)
that best describes the function that needs optimization, based on past evaluations. The
process is iterative, and it starts with a set of initial hyperparameter combinations (often
chosen randomly). Then, modeling the objective function is carried out, by using the
results from initial and ongoing evaluations.

In the optimization case, MAE was used as the objective function. The space of
hyperparameters was defined. For implementation of the Bayesian optimization, Hyper-
opt [7] package was used. It is an open-source Python library used for optimizing the
hyperparameters of machine learning algorithms. The Tree of Parzen Estimators (TPE)
was used as an optimization algorithm. The optimization process was carried out in 80
iterations.

4 Discussion of Results

XGBoost model outperformed LSTM model in all metrics (see summary results in
Table 1). Optimization somewhat improved the performance of the model with default
set of hyperparameters. In both cases, RMSE was almost double the Mean Absolute
Error (MAE). RMSE gives more weight to larger errors due to the squaring of each
error before averaging, while MAE treats all errors equally. RMSE being significantly
higher than MAE suggests wider spread of errors or the presence of some large errors in
predictions. In general, the model shows good accuracy, but it makes a few substantial
errors.

The histograms displayed in Fig. 4 show the distribution of errors (the differences
between predicted and actual values) in the case of optimized XGBoost and LSTM app-
roach. The red dashed line at zero visualize the point where there is no error (perfect pre-
diction). The Kernel Density Estimate (KDE) line provides a smooth curve representing
the error density.

Error distribution histogram confirmed the assumption on good accuracy with few
substantial errors in using both approaches made earlier. However, it also explained the
difference in performance of both methods. Occurrence of minor fat tails - increased
accumulation of larger errors in case of LSTM models explains the source of difference
in performance metrics: while LSTM model has more successful forecasts with less
error, it also makes more substantial errors that affect the MAE and especially RMSE.
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Table 1. Summary results of experiment

LSTM XGB XGB Optimized

RMSE (kW) 62.111 36.700 35.677

MAE (kW) 28.890 20.589 18.687

R2 0.540 0.853 0.861

Training time (sec) 476.129 0.238 549.237

Inference time (sec) 0.537 0.007 0.035

Training CO2 (gr) 9.245 0.005 10.664

Inference time (per 1000, gr) 10.421 0.141 0.676

Fig. 4. Distributions of prediction errors by XGBoost (left) and stacked LSTM model (right)

Figure 5 shows the scatter plot of actual and predicted values for the optimized
XGBoost model and LSTM model, as well as overlayed distribution of test data.

Fig. 5. Plot of actual and predicted values with overlayed distribution of test data
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The figure illustrates the accuracy of the model in the different intervals of test data.
In both cases, the scatter plot points are clustered along the red line, which suggests the
predictions are reasonably good. However, there is some variance in both models (more
significant in LSTM than XGBoost), especially for lower and higher values where the
points tend to diverge more from the line. This variance can be explained by lack of data
in intervals of lower and higher values for transmitted energy.

Additionally, scatter plots unveil the specific nature of significant errorsmade by both
models, mostly due to impossibility to forecast the periods in which the heating is turned
off by the operator (for XGBoost and LSTM models, concentration of forecasts along
Y-axis) or to confusing those periods with periods in which the heating is actually on
(LSTM models, concentration of forecasts along X-axis). It’s important to emphasize
that the decision to turn on the heating system lies with a human operator, and it is
affected by the reasons not included as features in this dataset.

In general, the LSTMmodels are expected to show good performance at uncovering
very complex patterns of heat demand that occur at the beginning and end of the heating
season, when heat demand, as well as outside temperature exhibit high variance. How-
ever, there is no sufficient data to unleash the power of LSTM’s long-term memory in
the case of this experiment.

Furthermore, neural networks require data imputation. In this case, occasional miss-
ing data is replaced by using simplistic linear interpolation technique. It’s worth high-
lighting that many of the data imputation approaches (besides stochastic ones) introduce
regularities that are considered as bias that can lead to better results than in reality.
XGBoost assumes initial transformation of sequential time series data to structured,
tabular data suitable for traditional regression problems. This appears very useful in
industrial application where the periods of missing data due to sensor faults are fre-
quent. Such faults and corresponding missing data problems cannot be addressed with
imputation techniques, since those periods can be quite long. Ignoring sequential nature
of data dramatically improves usability of data islands, occurring in such circumstances.

What are the possible reasons for XGBoost outperforming LSTM architecture in
this case? First of the reasons is the size of the dataset combined with the time feature
engineering practices. XGBoost can benefit significantly from good feature engineering
if those features encapsulate the temporal dynamics well. LSTM is indeed very good in
uncovering these dynamics, but only if there is sufficient data available. Second reason
is that LSTMs can be particularly sensitive to the choice of hyperparameters, especially
when considering the network topology. The optimization has not been done in this case
as it would require significant computational resources and time.

Besides accuracy, computational requirements for the two methods are not com-
parable, especially when inference is considered. Training times in both cases appear
to be similar, but only when optimization of hyperparameters is involved in XGBoost
case. The amount of energy used for training a neural network on a T4 GPU depends on
several factors, including network architecture complexity, training dataset size, batch
size, choice of optimizer and learning rate. Based on the technical specifications of the
manufacturer1 the power usage of NVidia T4 GPU is 70 watts, corresponding to the

1 https://www.nvidia.com/en-eu/data-center/tesla-t4/.
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