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Abstract

This study examines the application of machine learning methods for monitoring and fault detection in
climate control systems. Using a hardware complex to collect data on microclimate parameters such as
temperature, humidity, dew point, illumination, voltage and current, an analysis is performed using the
CRISP-DM methodology. Standardization techniques Z-score and the principal component method (PCA),
as well as clustering and classification methods are used for data processing. The goal is to timely identify
and predict deviations in the operation of microclimate systems, which contributes to increased energy
efficiency and indoor comfort. Studies have shown that the developed Multilayer perceptron model
detects up to 80% of anomalies in microclimate data (recall), while gradient boosting provides lower rates
(Precision=0.67 with Recall=0.40) for detecting rare failures. The proposed integrated approach makes it
possible to timely diagnose deviations in the operation of microclimate systems and thereby increase the
energy efficiency of control systems. Thus, the use of machine learning methods in climate control
provides more reliable fault diagnosis.
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1. Introduction

Management of indoor microclimate is essential for maintaining energy efficiency and ensuring
occupant comfort. In Kazakhstan, buildings account for approximately 43% of total energy
consumption, with the residential sector representing the largest share [1]. To improve energy
efficiency, it is necessary to develop management strategies that consider multiple environmental
parameters, not only temperature, but also humidity, dew point, power, illumination, vibration,
voltage, and current[2,3]. An important aspect of this process is the detection and diagnosis of
faults in microclimate systems using machine learning methods. These techniques enable real-time
prediction and identification of deviations, thereby ensuring more efficient energy use and
maintaining optimal indoor comfort.

The problem addressed in this study is the lack of comprehensive solutions capable of
processing multiple microclimate parameters in real-time while effectively detecting hidden
anomalies. Existing methods [4, 5], either fail to account for noise in the data or focus only on
specific aspects of fault detection, limiting their applicability in dynamic and complex
environments.

The aim of this study is to apply machine learning methods and statistical approaches for
monitoring and detecting faults in indoor microclimates using modern data collection and analysis
techniques. The research objectives include reviewing existing approaches, developing a hardware

' STIoT 2025: Workshop on Smart Technologies and IoT, November 19-20, 2025, Almaty, Kazakhstan

* Corresponding author.

T These authors contributed equally.

& n.daurenbayeva@iitu.edu.kz (N. Daurenbayeva); s. mamanova@iitu.edu.kz (S. Mamanova); a.bykov@iitu.edu.kz (A.
Bykov); aakim@iitu.edu.kz (A. Akim); bagdat.yagaliyeva@gmail.com (B. Yagaliyeva)

@ 0000-0003-0341-4017 (N. Daurenbayeva); 0009-0001-7277-5492 (S. Mamanova); 0000-0002-9563-5185 (A. Bykov); 0009-

0009-2144-7091 (A. Akim); 0000-0003-4644-2261 (B. Yagaliyeva)
@ @ © 2025 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
TR


mailto:ndaurenbayeva@gmail.com
mailto:bagdat.yagaliyeva@gmail.com
mailto:aakim@iitu.edu.kz
mailto:bykov_a_a@list.ru
mailto:s.mamanova@iitu.edu.kz(S
mailto:s.mamanova@iitu.edu.kz

system for data collection, conducting detailed data analysis, developing machine learning models
for anomaly detection, and testing the proposed solutions in indoor environments. The scientific
novelty lies in proposing a new methodology for fault detection in microclimate control systems
using advanced machine learning methods for accurate and timely diagnosis. The practical
significance of the work consists in improving energy efficiency and enhancing indoor comfort
through the implementation of an intelligent fault detection system.

The novelty of this study lies in the integration of the CRISP-DM methodology with a combined
application of Principal Component Analysis (PCA), clustering, and classification techniques for
microclimate-related tasks. This approach enhances the efficiency of fault detection and diagnosis
by leveraging the strengths of dimensionality reduction, unsupervised learning, and supervised
classification within a structured data analysis framework.

The integration of the CRISP-DM methodology with PCA and machine learning algorithms for
real-time fault detection.

In study [6], an automated fault detection method for building ventilation systems was
developed to identify abnormal energy consumption. Utilizing a dynamic building model and a
statistical approach based on the Chernoff bound approximation, the method detects deviations
from normal operation and classifies them by urgency levels. A two-month analysis revealed high-
urgency periods, leading to the identification of a faulty occupancy counter. This method shows
promise in automatically detecting anomalies in ventilation systems.

Modern HVAC diagnostic methods can be categorized into traditional machine learning
algorithms, deep neural networks, and hybrid models, which outperform classical approaches.
However, their effectiveness heavily depends on data quality, making them highly sensitive to
noise and missing values, which limits their applicability in real-world scenarios.

The study hypothesizes that the integration of PCA with supervised learning models can
improve the accuracy and robustness of fault detection in dynamic building environments.

In another study [2], researchers assessed indoor comfort conditions in a hospital using quality
indicators such as temperature, humidity, air speed, illuminance, and air quality. The model
proposed by the ISO 7730 standard was used to assess hygrothermal comfort.

The study A Machine Learning Approach to Microclimate Monitoring and Fault Detection [7]
investigated the application of machine learning techniques for microclimate monitoring. It
demonstrated the limitations of Principal Component Analysis (PCA) in handling noisy data and
proposed a general architecture for a fault detection system. The present work builds upon this
research by analyzing classification algorithms for fault diagnosis, offering a comprehensive
evaluation of their performance and effectiveness in microclimate control systems.

Furthermore, the integration of machine learning techniques has been explored for predictive
maintenance in various industries, including building systems. Machine learning algorithms have
been successfully applied to analyze large datasets from sensors to detect early signs of equipment
failures, enabling timely maintenance and reducing unexpected downtimes.

These studies highlight the potential of combining advanced data collection systems with
machine learning methodologies to enhance the efficiency and reliability of microclimate
management in buildings.

2. Materials and research methods

The study utilized microclimate data collected from sensors in residential and non-residential
buildings during both the hot and cold seasons. Data was recorded every minute, resulting in over
500,000 entries per season. Prior to analysis, preprocessing steps were applied, including missing
data imputation, outlier removal (Z-score method), and normalization. This approach ensured data
reliability for further application of machine learning methods in fault detection. Multilayer
perceptron (MLP), gradient boosting, and support vector machines (SVM) are widely used in
building microclimate control systems to improve energy efficiency and provide comfortable
conditions. These machine learning methods are used to predict energy consumption, detect



anomalies in the operation of heating, ventilation, and air conditioning (HVAC) systems, and
optimize climate parameters. The methodology for monitoring and fault detection in microclimate
parameters using statistical methods and machine learning is illustrated in Figure 1. For example,
gradient boosting is used to model energy consumption in buildings, which allows for more
accurate load forecasting and efficient resource management. SVM and MLP are used to classify
climate system states and detect faults, which facilitates timely maintenance and reduces energy
costs. Thus, the integration of these algorithms into climate control systems contributes to the
creation of smart buildings with optimal energy consumption and improved living and working
conditions.

Data overview

The dataset consisted of approximately 1 million samples collected from 16 sensors
(temperature, humidity, CO., light, power, voltage, current) across two building types during
summer and winter seasons.
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Figure 1: Methodology for Monitoring and Fault Detection in Microclimate Parameters Using
Statistical Methods and Machine Learning.

After data cleaning, the mean values of most parameters remained largely unchanged, while
standard deviation generally decreased, indicating more stable conditions. Temperature, humidity,
and pressure exhibited reduced variability both indoors and outdoors. TVOC and CO2 levels
showed decreased standard deviation, with TVOC also exhibiting a reduction in mean
concentration, suggesting improved air quality. Electrical parameters (current, voltage, and power)
demonstrated enhanced stability. Light, UV radiation, and aftershock data showed significant
reductions in standard deviation, reflecting more consistent environmental conditions. Overall,
data cleaning resulted in reduced variability, enhancing data reliability and interpretability.

The PCA analysis for residential and non-residential buildings demonstrates that the first two
principal components account for the majority of data variance: 59.83% for residential and 61.29%
for non-residential buildings. In both cases, the first four components capture nearly all variability,
confirming their significance in describing the data structure. However, PCA results can be
sensitive to noise, necessitating cautious interpretation of explained variance. Overall, the
distribution of explained variance appears reasonable and supports the applicability of PCA for
dimensionality reduction in these datasets (Figure 2).
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Figure 2: Analysis of Explained Variance Across Principal Components for Buildings.

During the training of the Multi-Layer Perceptron (MLP) model, the following training loss
values were recorded at each iteration. These values demonstrate how the model's performance

improved as it learned and adjusted its weights through gradient-based optimization techniques,
such as stochastic gradient descent.
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Figure 3: Schematic architecture of a Multilayer Perceptron (MLP).

The image presents a schematic architecture of a Multilayer Perceptron (MLP) designed for
analyzing microclimate parameters (Figure 3).
Key elements of the diagram:

e Input layer with 15 neurons, corresponding to microclimate parameters such as
temperature, humidity, pressure, CO2, and others;

e Three hidden layers with varying numbers of neurons (e.g., 64, 32, and 16), utilizing the
ReLU activation function;

e OQutput layer with a single neuron, which can perform either regression (linear activation)
or classification (softmax);

e Arrows indicating the flow of data between layers.



This MLP architecture enables the model to capture complex dependencies in the data and make
accurate predictions.

To evaluate the effectiveness of models in detecting anomalies in microclimate systems, it is
crucial to analyze key metrics such as precision, recall, and F1-score for the rare class. Since rare
failures can critically impact system performance, their accurate classification is of great
importance.

The experimental results indicate that the Multilayer Perceptron (MLP) demonstrated a high
recall for rare faults (recall = 80%), highlighting its ability to detect a significant number of failures.
However, the model exhibited low precision (precision = 9%), leading to a high number of false
positives. In contrast, Gradient Boosting achieved higher precision (67%) but lower recall (40%),
suggesting that while it reduces false alarms, it may miss some failures.

This contrast in model performance reflects fundamental differences in their behavior:

1. MLP is highly sensitive to anomalies, making it preferable for tasks where missing a failure
is unacceptable, even at the cost of increased false positives.

2. Gradient Boosting provides a more balanced performance, reducing false alarms but
potentially overlooking some anomalies. Comparative Analysis of SVM, MLP and Gradient
Boosting Classifiers for Fault Detection in Microclimate Systems have shown below (Table

1).

Statistical significance of model differences was assessed using paired t-tests between the F1-
scores of compared classifiers.

Therefore, model selection should be based on the specific requirements of the task. If
minimizing missed faults is a priority (e.g., in safety-critical monitoring systems), MLP is the better
choice. Conversely, if avoiding false alarms is more critical (e.g., in automated control systems),
Gradient Boosting is more suitable.

Incorporating this analysis into the study allows for a more objective assessment of the
strengths and weaknesses of the models, enabling informed decision-making when selecting an
algorithm for monitoring microclimate parameters.

Table 1
Comparative Analysis of SVM, MLP and Gradient Boosting Classifiers for Fault Detection in
Microclimate Systems

Metric SVM Gradient Boosting MLP Comments
All ls classif i
Model Accuracy 1.00 1.00 1.00 models classify dominant
classes perfectly
Precision for 0.09 0.67 0.09 Gradient Boosting S}gnlflcantly
rare faults (-1) reduces false positives
Recall for rare 0.80 0.40 0.80 SVM and MLP detect more rare
faults (-1) faults but have lower precision
F1-score for rare 0.16 0.50 0.16 Gradient Boostlr'lg provides a
faults (-1) better balance of precision and recall
Macro Average SVM emphasizes recall, Gradient
0.70/0.93/0.72 0.89/0.80/0.83 -
(P/R/F1) /0.93/ /0-80/ Boosting achieves balanced metrics
Weighted . .
All models classify d t
Average 1.00/1.00/1.00 1.00/1.00/1.00 - fode’s classity dominan

(P/R/F1) classes perfectly
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Figure 4: Evolution of loss during one successful training for Building (MLP)

The graph illustrates the change in the loss function during the training of the Multi-Layer
Perceptron (MLP) model. The X-axis represents training iterations, while the Y-axis shows the loss
function value. At the beginning of training, a high initial loss is observed (Iteration 1) as the model
starts adjusting its parameters. Evolution of loss during one successful training for Building (MLP)
presents in Figure 4.

Key Training Stages:

e Iteration 1 — High initial loss, the model is just beginning to learn.

e [teration 2-10 — Significant error reduction, the model learns rapidly.

e [teration 20-50 — Stabilization, model quality improves.

e [teration 60-90 — Minimal loss values, the model reaches high accuracy.

e [teration 100-104 — Loss increases, signs of overfitting appear.

At the end of training, early stopping was applied: «Training loss did not improve more than
t0l=0.000100 for 10 consecutive epochs. Stopping». This means the training process was halted
because the loss value did not improve by more than 0.0001 over 10 consecutive epochs. This
mechanism prevents overfitting and allows the model to reach optimal performance without
excessive iterations.

Thus, the graph provides a clear visualization of the MLP training process, highlighting the
phases of rapid error reduction, stabilization, achievement of high accuracy, and the emergence of
overfitting signs in the final iterations.

3. Results

The application of machine learning (ML) techniques in fault detection for indoor microclimate
systems has yielded promising results. The study demonstrates that both Support Vector Machines
(SVM) and Gradient Boosting classifiers achieve perfect overall accuracy in identifying faults.
However, their performance varies when detecting rare faults (class -1). SVM exhibits high recall
(0.80) but low precision (0.09), indicating a higher rate of false positives. In contrast, the Gradient
Boosting classifier achieves a more balanced performance with a precision of 0.67 and recall of 0.40,
resulting in a higher F1-score (0.50) for rare faults.

Gradient Boosting achieved an Fl-score of 0.50 for rare fault detection, outperforming MLP
(0.16) and SVM (0.16). This indicates its higher balance between precision and recall.



The Principal Component Analysis (PCA) conducted on both residential and non-residential
buildings reveals that the first two principal components account for approximately 60% of the data
variance. This significant reduction in dimensionality facilitates the identification of patterns and
anomalies within the microclimate parameters. However, it is essential to consider that PCA results
can be sensitive to noise, necessitating cautious interpretation of the explained variance.

The training process of the Multi-Layer Perceptron (MLP) model indicates a substantial decrease
in loss values over iterations, reflecting the model's capacity to learn complex patterns in the data.
Nonetheless, the observed increase in loss after a certain point suggests potential overfitting,
highlighting the importance of implementing early stopping criteria to maintain model
generalization.

These findings underscore the potential of ML methods in enhancing fault detection and energy
efficiency in indoor microclimate systems. Future research should focus on refining these models,
addressing challenges such as noise sensitivity and overfitting, and exploring their applicability in
diverse building environments.

4. Conclusion

In this study, the authors developed a hardware system for collecting data on microclimate
parameters, which is integrated with the building management system [8]. Data was collected in
real time using various sensors measuring microclimate parameters such as temperature, humidity,
pressure, CO, concentration, and others. The collected data was processed using the CRISP-DM
(Cross-Industry Standard Process for Data Mining) methodology, which provides a structured
approach to data analysis [9].

At the data preparation stage, the Z-score technique was used for normalization, which made it
possible to identify and exclude outliers, improving the quality of the analysis. To reduce the
dimensionality of the data and identify the main factors affecting the microclimate, the principal
component analysis (PCA) was used. The analysis showed that the first two principal components
explain 59.83% of the data variance for residential buildings and 61.29% for non-residential
buildings, which confirms their significance in describing the data structure. However, given the
sensitivity of PCA to noise, the results should be interpreted with caution.

Classification methods including multilayer perceptron (MLP), support vector machine (SVM)
and gradient boosting were used to detect faults and predict faults in the microclimate system [10].
MLP is a neural network with 15 neurons in the input layer corresponding to the microclimate
parameters, three hidden layers with different numbers of neurons (e.g. 64, 32 and 16) and an
output layer with one neuron performing either regression or classification. During the training of
MLP, a decrease in the loss function value was observed, indicating an improvement in the model
performance.

A comparative analysis of SVM and gradient boosting models for fault detection in microclimate
systems showed that both models demonstrate high overall accuracy. However, SVM has high
sensitivity (recall) to rare faults, but low accuracy, which leads to a large number of false positives.
While gradient boosting provides a more balanced performance for rare faults (faults), with higher
accuracy but lower sensitivity.

The clustering methods used to analyze the microclimate data have been described in detail in
other works by the authors [11],[12]. These methods allowed to reveal hidden patterns and
structures in the data, which contributes to more effective microclimate management in buildings.

Thus, an integrated approach, including data collection and pre-processing, application of
dimensionality reduction, classification and clustering methods, allows to effectively detect and
predict faults in microclimate systems, ensuring the reliability and sustainability of microclimate
management in buildings.



5. Limitations and future work

The proposed fault detection system can be integrated into existing BMS architectures to enable
real-time anomaly monitoring. Future work will focus on expanding the dataset, improving noise
resistance, and developing explainable Al mechanisms for fault interpretation.
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