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Borodii I., Osukhivska H. Air quality analysis based on threshold values and anomaly detection using machine
learning models. The article addresses two applied tasks in local air quality monitoring: threshold-based condition classification
and anomaly detection in micro-batch sensor data. Air quality degradation has dynamic character shaped by particulate matter,
CO., temperature and relative humidity. Data were collected from SCD41, BME688 and SPS30 sensors forming micro-batches of
10 sequential observations stored in DuckDB. Based on 33190 measurements, 3319 micro-batches were formed, each described
by 60 statistical features. Logistic regression, decision tree, random forest and rule-based baseline were evaluated for threshold-
based classification using thresholds for PM2.5, PM10, CO., temperature and humidity. Isolation forest, local outlier factor with
and without PCA and one-class SVM were assessed against rule-based anomaly labels and on micro-batches with extreme feature
values. The decision tree reproduced the labelling logic. Random forest achieved F1 = 0.857 under time-series cross-validation and
F1 = 0.980 on test set. Isolation forest showed the highest F1 against rule-based anomaly labels. Local outlier factor showed
stronger sensitivity to outliers in the feature space. Training time was below 500 ms and inference time below 109 ms. Results
confirm both tasks can be implemented in an environmental monitoring system using edge computing and method selection should
reflect the anomaly type and classification error costs.

Keywords: air quality monitoring, environmental monitoring, edge computing, machine learning, micro-batching
processing, anomaly detection, internet of things.

Boponaiii LI, OcyxiBcbka I''M. AHani3 cTaHy sIKOCTI MOBIiTpsi HAa OCHOBi NMOPOroBHX 3HAYeHb TA BHSIBJIEHHS
aHOMAaJiii 3 BUKOPHCTAHHSIM MoJejell MAIIMHHOIO HABYAHHA. Y CTaTTI PO3MIISLAAIOTHCS [BI NMPUKIAAHI 3a1adi B raiysi
MOHITOPHHTY SKOCTI ITOBITps HA JIOKAJIGHOMY PiBHI: KJIacu]iKallis CTaHy Ha OCHOBI IIOPOTOBHX 3HAYCHb Ta BUSBICHHS aHOMAIiil
Y MIKpOITakeTax CEHCOPHHX AaHHX. I1oTipIIeHHs sIKOCTI MOBITPS Ma€ JUHAMIYHUH XapakTep, [0 BU3HAYAE€THCS BMICTOM TBEPIUX
gactiHOK, CQO2, TemIiepaTyporo Ta BiIHOCHOIO Boiorictio. JlaHi 30upammcs 3 cencopiB SCD41, BME688 ta SPS30, ski
YTBOPIOBAIM MikpomakeTH 3 10 MOCHiIOBHHX cHOCTepekeHb, mo 30epiramucs B 6a3i manmx DuckDB. Ha ocmoBi 33190
BUMIpIoBaHb OyI0 copmoBano 3319 MikpomakeTiB, KOXKEH 3 SIKHX onucyBaBcst 60 cratuctuaHuME o3HakaMu. s kmacuikamii
Ha OCHOBI IMOPOTOBUX 3HAYEHb 3 BUKOPUCTAHHAM I'paHWYHUX 3Ha4eHb st PM2.5, PM10, CO:, Temneparypu Ta BOIOTOCTi OyIo
OIIIHEHO JIOTICTHYHY PErpecito, IepeBO PillleHb, BUIAIKOBHIA JTic Ta 6a30BY MOJIEITb Ha OCHOBI paBwJI. [30SAIIHHUIHA JTiC, TOKATEHUI
¢axrop BuHATKIB 3 PCA Ta 6e3 HbOrO0, a TakoX oxHOKIacoBuit SVM Oynu oniHeHi mo/10 MiTOK aHOMaJii Ha OCHOBI IIPaBHJI Ta HA
MiKpOIaKeTax 3 FPaHUYHMMH 3HAUCHHSIMH O3HaK. /lepeBo pilleHb BiITBOPHIIO JIOTIKY MiTkH. Bumagkoswuif mic gocsr F1 = 0,857
IIix 9ac mepexpecHoi Bajiganii yacoBux psniB ta F1 = 0,980 Ha TecTroBoMy Habopi. [30msmiiinmii sic moka3as HaiBumuii F1 momxo
MITOK aHOMaJIiif Ha OCcHOBI npaBwil. JIoKanbHUH (HaKTOp BUHATKIB IPOAEMOHCTPYBAB BHIIY Yy TJIMBICTH 0 BHHSATKIB y IPOCTOPL
o3Hak. Yac HaBuaHHs cTaHOBUB MeHIe 500 Mc, a yac yxBaJieHHs pimieHHs MeHII HiX 109 mc. Pe3ynpTaTté miATBEpIKYIOTH, IO
o0H/IBa 3aBJaHHSI MOXKHA Peajli3yBaTé B €KOJIOTITHII CHCTEMi MOHITOPHHTY 3 BUKOPHCTaHHIM nepudepiiiHnx 00InCIiIeHs, a BUOIp
METO/Iy IIOBHHEH BPaXOBYBAaTH THUIT aHOMAJI] Ta BUTPATH, ITOB’S[3aHi 3 OMHJIKaMH Ki1acuikamii.

Kn1040Bi cJ10Ba: MOHITOPHHT SIKOCTi MOBITPsI, €KOJIOTIYHII MOHITOPHHT, NiepHdepiiiHi 00unCIeHHs, MalllMHHE HaBJaHHS,
MiKkporakeTHa 00poOka, BUSIBICHHS aHOMAJIiH, IHTEpHET pedeil.

Scientific problem statement. In modern environmental monitoring systems, it is becoming
increasingly important not only to record current air quality but also to perform intelligent assessments of
environmental quality without constant reliance on cloud infrastructure. The need for this arises from the
fact that air quality degradation is often dynamic in nature and can develop gradually under the influence
of a combination of factors, including ventilation patterns, CO- concentrations, changes in temperature and
humidity, the presence of particulate matter, as well as the spatial and temporal distribution of data. Under
these conditions, simple accumulation of measurements is no longer sufficient, and systems capable of
locally assessing potential air quality risks, detecting anomalies in sensor data, and ensuring a quick
response without the need to transmit all measurements to the cloud are becoming more valuable [1].

The transition from traditional monitoring to intelligent analysis is associated with the need to use
Machine Learning (ML) models capable of processing multidimensional sensor data, considering the
interrelationships between environmental indicators, and detecting potentially harmful or abnormal
conditions. At the same time, the use of such models in centralised or fully cloud-based environments is
not always the best solution, as it increases the system’s dependence on the communication channel,
increases the delay between the moment of measurement and the obtaining of the assessment result, and
complicates continuous operation under conditions of unstable network infrastructure. That is why, edge
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computing approaches are becoming increasingly relevant for tasks involving local threshold classification
of air quality and anomaly detection, whereby part of the computation is transferred directly to a peripheral
node located close to the data source [2].

The practical value of this approach is particularly high in cases where the system must operate
autonomously, be cost-effective, ensure rapid response times, and utilise available computing resources.
Under such conditions, the task of threshold classification of air quality and detection of abnormal changes
in sensor data faces additional constraints. ML models must ensure acceptable classification quality and
anomaly detection under the constraints of limited computational resources at the edge node, making their
comparative evaluation particularly important. A particular challenge is that assessing air quality in a real-
world environment cannot rely on a single parameter. A robust assessment of air quality typically requires
consideration of a combination of different indicators that describe the microclimatic conditions of the
environment and the presence of particulate matter. This combination makes it possible to evaluate air
quality more accurately than using a single method. Under these conditions, scientific interest extends not
only to the implementation of a monitoring system but also to the comparative evaluation of ML models
capable of ensuring acceptable quality of sensor data analysis within limited time and computational
resources.

The relevance of the research lies in the need for intelligent analysis of indoor air quality, the
deterioration of which is dynamic in nature and is shaped by the simultaneous influence of several
environmental indicators: particulate matter concentration, CO-, temperature and relative humidity. Simply
accumulating sensor measurements does not ensure the timely detection of potentially adverse conditions
and abnormal changes, which makes it necessary to process the data directly at the edge node.

Research analysis. Recent research in the field of air quality monitoring indicates a gradual shift
from the simple collection of sensor measurements towards the development of intelligent systems for local
analysis, condition classification, anomaly detection and short-term forecasting. A systematic review [1]
shows that Internet of Things technologies and Artificial Intelligence methods are increasingly being used
for sensor calibration, anomaly detection, air quality index assessment, and short-term forecasting. This
conclusion confirms the general relevance of the transition from observation to predictive analysis.

The architectural prerequisites for moving analytical computations closer to the data source are
revealed in the review [2], which compares edge, cloud and hybrid approaches in the Internet of Things
environment. It is shown that local processing provides lower latency, better control over data and a lower
load on the network infrastructure.

The relationship between air quality and energy efficiency is investigated in [3], which is dedicated
to the simultaneous optimisation of these indicators in educational buildings using ML. The authors
demonstrate that GRU and LSTM models achieve an accuracy of over 92 %, enabling real-time control of
ventilation systems, considering the dynamics of CO:, temperature and air pollutants.

Paper [4] provides a systematic overview of low-cost sensor systems and Internet of Things
technologies for air quality monitoring. Attention is given to the selection of sensors, data transmission
arrangements, processing models, and the need for calibration and validation of measurements, which is
essential for building reliable local monitoring systems.

The broader context of smart sensor use is presented in the review [5], where indoor air quality is
considered one of the key components of indoor environmental quality. In this paper, the authors
demonstrate that the integration of sensors with Internet of Things networks and building management
systems is becoming the foundation of modern adaptive solutions.

A practical implementation of continuous air quality monitoring in real-life domestic conditions is
presented in [6], which describes an Internet of Things architecture for monitoring CO: concentration and
particulate matter levels during sleep. The authors obtained results demonstrating the environment’s
sensitivity to ventilation modes and confirmed the practical value of continuous measurements.

The study [7] justifies the use of low-cost PM2.5 sensors for indoor air quality monitoring. It is
shown that such sensors can serve as a practical basis for mass monitoring, but require a reference sensor,
periodic calibration and correction procedures.

Of particular interest to the topic of intelligent air quality analysis is the study [8], dedicated to the
assessment and forecasting of the dynamics of atmospheric pollutants in the urban environment of
Zhytomyr. It analyses temporal changes in the concentrations of CO, VOC (H.CO), PM10, PM2.5, PM1.0,
NHs and NO: for the years 2019-2024 and provides a forecast based on seasonal fluctuations and factors
influencing the distribution of pollutants in urban air.
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Article [9] proposes an Internet of Things-based system for monitoring and forecasting PM2.5 at
both the edge and in the cloud. However, the results presented in study [10] showed that running the model
locally on a Raspberry Pi requires not only building the model itself but also optimising it, specifically
through compression and quantisation. Works [9] and [10] confirm that edge forecasting is technically
feasible, but at the same time demonstrate that model comparisons must take into account not only the
quality of classification or anomaly detection, but also the latency of local execution.

A decentralised approach to air quality forecasting is presented in [11], where Internet of Things
technologies are combined with federated learning. It is shown that local pre-processing and training at the
node level can reduce the need for raw data transmission and enhance privacy.

General architectural prerequisites for shifting computations to the periphery are discussed in [12]
and [13], where edge computing is considered as a response to the limitations of cloud-centric approaches
in the Internet of Things environment. These works demonstrate that bringing processing closer to the data
source makes it possible to reduce latency and improve the practical suitability of distributed services.

In [14], signal processing and ML models deployed at the edge are combined to detect anomalies
in real time in Internet of Things sensor networks. The authors demonstrated that local feature extraction
and classification can simultaneously reduce communication overhead, latency and energy consumption.

The suitability of using the Raspberry Pi as an edge computing platform is also confirmed in [15],
[16] and [17]. In [15], a scalable edge computing environment based on the Raspberry Pi kit is proposed.
[16] demonstrates the possibility of running compact Edge Al models on the Raspberry Pi in a visual
inspection application. [17] describes the practical implementation of an loT-based air pollution monitoring
system using the Raspberry Pi for real-time collection and transmission of sensor data.

An important factor in implementing a forecasting system is the choice of method for local data
storage and the mode of data processing. In [18], it is shown that different approaches to data organisation
can vary significantly in terms of performance and resource efficiency. In [19], it is established that the
stream processing mode directly affects latency and throughput.

At the same time, the analysed sources do not sufficiently cover a holistic approach that would
combine the assessment of air quality thresholds and the detection of abnormal changes in sensor data
micro-batches within a single monitoring system. Attention should be paid to comparing different anomaly
detection methods that assess the compliance of thresholds established on real data and the ability to detect
statistically significant deviations in the feature space.

Definition of the research goal. The purpose of the study was to develop and validate a method
for air quality analysis that combines threshold-based classification of environmental conditions with the
detection of abnormal changes in sensor data micro-batches. To achieve the goal, ML methods have been
used that are suitable for reproducing the threshold logic for determining a potentially unfavourable air
quality condition and detecting abnormal changes in sensor data micro-batches in edge computing
environments.

The main focus is on the ability of ML methods to replicate the logic for determining threshold
values of potentially adverse air quality conditions and to detect abnormal changes in sensor readings, as
well as on their suitability for local execution under the resource constraints of an edge node.

Presentation of the main material and the justification of the results. The experimental part of
the study focused on implementing and verifying a threshold-based method for classifying air quality and
detecting abnormal changes in sensor data micro-batches in a monitoring system using a Raspberry Pi 5
edge device. Within the scope of this work, the device was considered as a standalone node for the
collection, storage, processing and analytical evaluation of sensor readings.

The hardware foundation of the experimental environment consisted of a Broadcom BCM2712
quad-core processor and 8 GB of LPDDR4X RAM. The system was implemented in Python 3.13.5 running
on a Linux environment. The DuckDB database version 1.4.4 was used for the local storage of sensor
measurements, providing built-in analytical data processing without the need to deploy a separate server
component. Feature engineering, model training and result evaluation were performed using the pandas,
NumPy, scikit-learn and psutil libraries. This set of technologies made it possible to combine sensor data
collection, local storage, micro-batch generation, model training and resource performance recording within
a single experimental environment. A general structural diagram of the implemented air quality monitoring
and analysis system is shown in Fig. 1.
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Fig. 1. General structural diagram of the local air quality monitoring and analysis system.

Data collection was performed under local air monitoring conditions using three sensor modules,
each of which was responsible for a separate set of parameters. Specifically, the SCD41 sensor was used to
measure CO: concentration, temperature and relative humidity. The BME688 was used to measure
temperature, humidity, atmospheric pressure and gas resistance. The SPS30 measured the mass and number
concentrations of PM1.0, PM2.5, PM4.0 and PM10 particulate matter, as well as the typical particle size.
The system’s workflow was organized into repetitive loops, with sensor measurements stored in the local
DuckDB database. In addition to sensor readings, the system recorded performance metrics, including the
duration of individual stages, sensor reading status and RAM usage.

Further processing involved converting individual sensor measurements into fixed-size micro-
batches. A single micro-batch contained 10 consecutive readings and was used to describe short-term
changes in air quality parameters. Sensor measurements were stored in a local DuckDB table, after which,
during the ML data preparation stage, they were loaded from the database and aggregated by micro-batch
identifier. For each micro-batch, a single row of a feature matrix was formed in RAM. At this stage, for
each sensor field, the mean, minimum and maximum values, standard deviation, change between the first
and last readings, and the range of variation were calculated. A total of 10 sensor fields were used, so the
resulting vector contained 60 statistical features. The resulting feature matrix was not stored as a separate
DuckDB table but was used as an intermediate data representation for label generation, sample time
division, and the training of classification and anomaly detection models. The general description of the
resulting experimental dataset is presented in Table 1.

Table 1. Description of the Experimental Dataset

Indicator Value
Number of primary observations 33190
Number of feature batches 3319
Number of features per batch 60
Training set 2655 batches
Test set 664 batches
Positive health-risk class 993 batches (29.9 %)
Negative health-risk class 2326 batches (70.1%)

In the study, the generated micro-batches of data were used to define two distinct tasks: threshold
classification of potentially adverse air quality and the detection of abnormal changes in sensor readings.
The aim of the threshold classification task is to determine whether a micro-batch contains readings that
may indicate potentially unfavourable air quality. These indicators include concentrations of PM2.5, PM10,
COs., temperature and relative humidity. To generate a binary label for a potentially adverse air quality
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condition, a threshold assessment scheme was used, whereby each micro-batch of sensor data was checked
against the maximum or threshold values of key air quality indicators. A micro-batch was classified as
potentially unfavourable if at least one of the monitored parameters exceeded the corresponding threshold
value or fell outside the permissible range. The risk label in this study was not a medical diagnostic indicator
but was used as an operational indicator of a potentially adverse air quality condition within the monitoring
system.

The selection of threshold values was based on indoor air quality guidelines. In particular, the
PM2.5 limit value of 15 ug/m* was selected in accordance with the WELL Building Standard’s
requirements for indoor air quality, which stipulate that PM2.5 concentrations must be below 15 pg/m?
[20]; a CO- threshold of 1000 ppm was used as a practical threshold for potentially inadequate ventilation,
consistent with the use of CO: as an indicator for controlling indoor ventilation [21]; temperature ranges of
19-24 °C and relative humidity ranges of 30-70 % were used as the operating limits of the indoor
microclimate, as they are consistent with the permissible thermal comfort parameters for building interiors
cited in the literature [22].

For the anomaly detection task, a label was generated based on the range of variation for each
monitored parameter within a micro-batch, calculated as the difference between its maximum and minimum
values. If at least one of the ranges exceeded the corresponding threshold value, the micro-batch was
identified as abnormal. The threshold values for this task were determined empirically based on an analysis
of the distribution of variation ranges in the training sample: the threshold values were selected to record
only sharp and non-typical changes in indicators that fall outside the limits of normal system operation. The
summary criteria for label formation for both tasks are presented in Table 2.

Table 2. Criteria for Establishing Air Quality Labels

Sensor indicator Risk condition Anomaly condition
PM2.5 max > 15 pg/m? range > 15 pg/m?
PMI10 max > 45 ug/m? -

CO, max > 1000 ppm range > 200 ppm
Temperature min < 19 °C or max > 24 °C range > 1.5 °C
Relative humidity min < 30 % or max > 70 % range > 10 %
Pressure - range > 2 hPa

The data was split into training and test sets regarding the time sequence. The first 80 % of micro-
batches were used for training, and the remaining 20 % for testing. The experimental setup replicated a
practical scenario where the model was trained on previously accumulated data and applied to new
observations. Additionally, five-fold temporal cross-validation was used on the training set, which enabled
the assessment not only of the overall quality of the models but also of their stability across different time
intervals.

Three models were selected for the threshold classification task of air quality: logistic regression,
decision tree and random forest. Logistic regression served as the baseline linear model, making it possible
to assess the extent to which the task could be solved using a relatively simple linear boundary between
classes. The decision tree was included due to its ability to reproduce threshold dependencies,
corresponding to the nature of the generated labels. The random forest was applied as an ensemble model
capable of accounting for the interaction of many features and reducing the instability typical of a single
tree. In addition, the experiment utilised a basic threshold model that required no training and directly
applied the rules by which the risk labels were formed. Table 3 presents the results of temporal cross-
validation for the air quality threshold classification task, enabling the stability of the threshold labelling
logic to be evaluated on different time segments of the training sample.

Table 3. Results of Time-Series Cross-Validation of Threshold-Based Air Quality State
Classification Models

Model Mean F1 F1 Standard Accuracy Precision Recall
Deviation

Rule-based baseline model 1.000 0.000 1.000 1.000 1.000

Logistic Regression 0.544 0.206 0.918 0.708 0.475

Decision Tree 0.605 0.360 0.940 0.798 0.528
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| Random Forest | 0857 | 0.205 | 0967 | 0976 | 0817 |

The results of the baseline threshold model were as expected, as it applied the same rules used to
generate the air quality labels. Therefore, this model was not considered a training model, but rather a
deterministic baseline for comparison with ML models.

Following a temporal cross-validation, the threshold classification methods were evaluated on a
separate test subset of data that had not been used during training. The results of this stage are interpreted
as the ability of the methods to reproduce the specified operational logic of threshold classification of air
quality status, rather than as confirmation of the independent medical or environmental validity of the
classification. Additionally, the training time, the time taken to generate an assessment for a new micro-
batch, and the size of the saved model were obtained. The results of the test evaluation are presented in
Table 4.

Table 4. Classification Model Results on the Test Set

Model F1 Accuracy | Precision | Recall | Training | Inference Model
time time size

Rule-based 1.000 1.000 1.000 1.000 not not not
baseline model applicable | applicable | applicable
Logistic 0.821 0.792 0.711 0.972 24 ms 0.32 ms 1.1 KB
Regression
Decision Tree 1.000 1.000 1.000 1.000 69 ms 0.31 ms 1.4 KB
Random Forest | 0.980 0.980 1.000 0.960 322 ms 4.2 ms 56 KB

A summarised relationship between the F1 score and the training time of threshold-based air quality
classification models is shown in Fig. 2. Since the air quality label was generated using threshold rules, the
high performance of the models should be interpreted as their ability to reproduce the specified evaluation

logic.
Threshold-based classification models: F1 score and training time

oF1 eTraining time, ms

F1 score

Random Forest

Decision Tree

Rule-based baseline model Logistic Regression

Fig. 2. F1 score and training time of threshold-based air quality condition classification models.

The complete reproduction of the threshold logic of the decision tree classification is explained by
the threshold nature of the classification and the presence of minimum and maximum values of the
monitored indicators in the feature vector. The results obtained indicate that the task of threshold
classification of air quality can be successfully solved using ML methods in a local execution environment.
Logistic regression and decision trees had the shortest estimation time, whereas random forest required
more time but achieved the highest F1 score among the trained models.
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Additionally, a statistical comparison of the models was performed using the McNemar’s test, the
purpose of which was to verify the differences between the predictions of the two models on the same test
sample. The criterion analyses the confusion matrix between the pair of models, where b is the number of
micro-batches that the first model classified correctly but the second incorrectly; c is the number of micro-
batches that the second model classified correctly but the first incorrectly. Both metrics are integers and
reflect the number of divergent predictions on the test sample of 664 micro-batches. The Statistic value
reflects the calculated value of the Edwards-adjusted chi-square statistic and shows how significantly the
two models diverge in their errors. The higher the Statistic value, the greater the divergence between the
models’ error profiles. The p-value reflects the probability that the observed difference between b and c
arose by chance, rather than due to a real difference between the models. If the p-value is less than 0.05,
the divergence between the models is considered statistically significant, meaning it is not accidental. The
results of the comparison of air quality classification models based on threshold values are presented in
Table 5.

Table 5. McNemar Test Results for Threshold-Based Air Quality State Classification Models

Model Pair b c Statistic p-value Significant

difference?
Rule-based baseline vs Logistic Regression 130 0 136.01 ~0.000 Yes
Rule-based baseline vs Decision Tree 0 0 0.00 1.000 No
Rule-based baseline vs Random Forest 13 0 11.08 0.0009 Yes
Logistic Regression vs Decision Tree 0 138 136.01 ~0.000 Yes
Logistic Regression vs Random Forest 13 138 101.83 ~0.000 Yes
Decision Tree vs Random Forest 13 0 11.08 0.0009 Yes

The results of the McNemar’s test confirmed that the basic threshold model and the decision tree
produced identical predictions on the test sample. The absence of discrepancies between them is consistent
with the earlier explanation that the decision tree reproduces the threshold logic of the classification. At the
same time, statistically significant differences between other pairs of models indicated that logistic
regression and random forest produce different error profiles.

Following the evaluation of threshold classification methods, the results of detecting abnormal
changes in sensor readings were examined. Unsupervised learning methods were used to detect anomalies,
the results being evaluated according to their correspondence with threshold anomaly labels generated
based on real sensor data. Unsupervised learning models were used to detect anomalies: isolation forest,
local outlier factor, local outlier factor following dimensionality reduction via principal component
analysis, and one-class SVM. Their results were evaluated not as confirmation of the true nature of the
anomalies, but as the degree of agreement with the threshold marking of short-term changes in sensor
readings. The primary purpose of these models was to identify objects that differ from the general data
structure. Therefore, they were evaluated based on the correspondence of their results to anomaly thresholds
established based on real sensor data. The evaluation results are presented in Table 6.

Table 6. Results of Anomaly Detection Models Against Rule-Based Labels

Model F1 Precision | Recall | Number of Training Inference
Detected time time
Anomalies

Isolation Forest 0.548 0.389 0.927 131 73 ms 11 ms
Local Outlier Factor 0.152 0.109 0.255 129 90 ms 73 ms
Local Outlier Factor + | 0.146 0.102 0.255 137 125 ms 109 ms
PCA

One-Class SVM 0.489 0.324 1.000 170 73 ms 55 ms

A summarised relationship between the F1 score and the training time of anomaly detection models
using threshold labels is shown in Fig. 3. The obtained results showed that different anomaly detection
methods reproduce the threshold logic for labelling anomalous changes in sensor data in different ways,
confirming the need for their comparative evaluation when selecting a method for a specific monitoring
system.
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Anomaly detection models: F1 score and training time

oF1 eTraining time, ms

F1 score
Training time, ms

Isolation Forest One-Class SVM Local Outlier Factor Local Outlier Factor +
PCA

Fig. 3. F1 score and training time of anomaly detection models against rule-based labels.

The isolation forest achieved the highest F1 score among the considered models, indicating that its
results best correspond to the rule-based labels. At the same time, a Precision of 0.389 indicated a significant
number of false positives. One-Class SVM achieved a Recall of 1.000, meaning it did not miss a single
micro-batch marked as abnormal according to the threshold rules. However, the low Precision value
indicated an excessive number of false positives. The local outlier factor, both in the full feature space and
after dimensionality reduction using principal component analysis, showed the lowest F1 scores, indicating
a weaker correspondence of these models to the threshold-based anomaly logic.

Separately, outside the scope of the main evaluation based on threshold labels, an additional
sensitivity check of the models was conducted on a subset of real micro-batches with clearly expressed
deviations in the feature space. This subset included 66 of 3319 micro-batches in the range of which at least
one feature’s value exceeded three standard deviations of the corresponding feature across the entire
sample. This test made it possible to assess whether the models can detect statistically significant deviations
that do not necessarily correspond to the anomaly thresholds. The results of this assessment are presented
in Table 7.

Table 7. Results of Anomaly Detection Models on Statistically Extreme Feature Batches

Model F1 Precision | Recall | Number of Detected
Anomalies
Isolation Forest 0.040 0.030 0.061 132
Local Outlier Factor 0.468 0.317 0.894 186
Local Outlier Factor + PCA 0.236 0.166 0.409 163
One-Class SVM 0.114 0.078 0.212 180

A comparison of the results presented in Tables 6 and 7 showed that the choice of anomaly detection
method depends significantly on the type of anomaly to be detected. If the monitoring system is designed
to detect changes that meet the threshold logic for flagging, it is more appropriate to use isolation forest.
However, when the priority is to detect statistically significant local deviations in the feature space, local
outlier factor is preferable. These findings underscore that the task of detecting anomalies in sensor data
does not have a single universal solution, and the choice of method must be determined by the specific
requirements of the monitoring system.

Conclusions and prospects for further research. In this study, a method for analysing air quality
based on micro-batch formation of a statistical feature set was developed and validated, covering two
practical tasks: determining air quality status based on threshold values and detecting abnormal changes in
sensor data. The experimental system collected data from SCD41, BME688 and SPS30 sensors, stored
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measurements locally in DuckDB, and formed micro-batches comprising 10 consecutive readings. Based
on 33,190 raw measurements, 3,319 micro-batches were generated, each described by 60 statistical features.

Verification of the method showed that threshold classification of air quality can be implemented
using ML at the edge level. The most balanced method for this task turned out to be random forest, which
achieved an F1 score of 0.857 in cross-validation and 0.980 on the test set. The decision tree fully
reproduced the threshold logic for identifying micro-batches with potentially poor air quality, but this result
should be interpreted not as an advantage of generalization, but because of the model structure matching
the character of the formed rules.

Analysis of the threshold classification results confirmed that the choice of method must consider
not only integral quality metrics but also the type of errors. Logistic regression more frequently produced
false positives, whereas the random forest had no false positives but missed 13 micro-batches identified as
potentially unfavourable according to the threshold rules. In early warning tasks regarding deteriorating air
quality, the choice of classification method should be determined by which errors are more critical for a
specific monitoring system: missed instances of adverse conditions or false positives.

Verification of the method for detecting abnormal changes showed that none of the methods
considered is universal. Isolation forest is best suited to the threshold logic of anomaly labelling and
achieved the highest F1 score for rule-based labels. Local outlier factor, on the other hand, proved to be
more sensitive to statistically significant local deviations in the feature space. This confirms that the choice
of method for detecting anomalies in sensor data should be determined by the specific type of anomaly that
the monitoring system is required to detect.

An evaluation of practical performance confirmed that both tasks can be implemented within a
single monitoring system without placing a critical load on the peripheral node. The training time for all
methods did not exceed 500 ms, the evaluation time for classification methods did not exceed 4.2 ms, and
for anomaly detection methods did not exceed 109 ms. Peak RAM usage was approximately 240 MB.
Overall, the results obtained indicate that the choice of a specific method for each task should be determined
not only by the F1 score, but also by the type of errors, the character of the anomalies, and the requirements
of the specific monitoring system.

The scientific novelty of the study lies in the proposed procedure for air quality analysis based on
the formation of statistical feature sets from short sequences of sensor measurements. The procedure
combines threshold-based air quality condition classification with anomaly detection and evaluates
abnormal changes according to two criteria: agreement with threshold-based labels and sensitivity to
statistical deviations in the feature space. Unlike approaches in which classification and anomaly detection
are considered separately, the proposed procedure supports their joint use within an autonomous monitoring
system under edge computing constraints.

A further direction of research is the extension of the proposed air quality analysis method towards
continuous operation in an environmental monitoring system. Future work will focus on integrating
threshold-based air quality condition classification and anomaly detection into a single analytical workflow
implemented directly on Raspberry Pi 5. This will make it possible to assess the current air quality condition
based on threshold values for PM2.5, PM10, CO., temperature and relative humidity, while also detecting
atypical deviations in the dynamics of sensor readings.
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