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Abstract. Purpose. To develop and evaluate a physics-informed hybrid anomaly detection and fault diagnosis framework
for an R744 booster refrigeration system with heat recovery and oil management by combining thermodynamic
modelling and machine learning methods. Methodology. The proposed approach integrates thermodynamic feature
engineering with two unsupervised machine learning techniques: K-means clustering and an autoencoder neural
network. K-means clustering is used to identify global operating-mode deviations, while the autoencoder detects local
nonlinear anomalies through reconstruction-error analysis. A hybrid decision logic based on union and intersection
rules is applied to improve diagnostic reliability. The framework was validated using a synthetic physics-informed
dataset representing seven days of operation with a 10-second sampling interval and including normal operation as well
as four fault classes: flash-gas instability, heat-recovery disturbance, oil-return disturbance, and sensor drift. Findings.
The developed hybrid framework demonstrated high anomaly-detection and fault-diagnosis performance. The Stage-1
anomaly detector achieved Precision = 1.000, Recall = 0.903, and F1-score = 0.949. The Stage-2 diagnostic classifier
reached an overall accuracy of 0.992. The results confirmed the capability of the proposed approach to distinguish
between different fault mechanisms and associate detected anomalies with physically meaningful thermodynamic
processes occurring within the refrigeration system. Originality. A physics-informed hybrid fault detection and diagnosis
framework for transcritical R744 booster refrigeration systems with heat recovery and oil management is proposed.
Unlike conventional purely statistical approaches, the developed methodology combines thermodynamic interpretation
with machine learning techniques, enabling both accurate anomaly detection and physically explainable diagnostics.
Practical value. The proposed framework can be integrated into SCADA and building management systems as a
supervisory diagnostic layer for commercial refrigeration applications. The approach supports predictive maintenance,
improves system reliability, reduces energy consumption, and facilitates the implementation of intelligent monitoring
strategies for low-GWP refrigeration systems.

Key words: R744 booster refrigeration system; fault detection and diagnosis; physics-informed machine learning;
k-means clustering; autoencoder; heat recovery; oil management; predictive maintenance.

Anotamnis. Mema. Po3poOutu Ta OUiHUTH (Pi3MKO-OPIEHTOBAHUH TIOPUAHUH MiAXiT 10 BUSBICHHS aHOMAJIH Ta Jia-
THOCTYBaHHS HECHpaBHOCTEH y OycTepHill XoimommibHii cuctemi Ha R744 3 pexymnepari€io TEIIOTH Ta CHCTEMOIO
KEpyBaHHS MACTHJIOM Ha OCHOBI IO€JHAHHS TEPMOJMHAMIYHOTO MOJICIIOBAHHS Ta METO/IB MAIIMHHOTO HaBYAHHS.
Memoouxa. 3arTpoTIOHOBAHHH TIAXI MOEIHYE TEPMOIHMHAMIYHE (POPMYBAHHS O3HAK 13 JIBOMA METOJJAMH MAITHHHOTO
HaB4YaHHs Oe3 yunTels: Kiactepusaniero k-means ta aBroeHkozepoM. Kimactepunszatiist BAKOPUCTOBY€THCS /171sI BUSIBIICH-
H TNIOOATBHUX 3MiH PEXKHUMIB POOOTH, TOJII K ABTOCHKOJICP J03BOJISIE BU3HAYATH JIOKABHI HETiHIWHI BiAXIICHHS Ha
OCHOBI TIOXHOKH PEKOHCTPYKIIii. [IJIs TiABUIICHHS TOCTOBIPHOCTI JiarHOCTYBaHHS 3aCTOCOBAHO KOMOIHOBaHY JIOTiKy
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00’€/IHaHHS Ta TIEPETHHY Pe3yJNIbTaTiB 000X anropuTMiB. [lepeBipKy mijxo1y BUKOHAHO Ha CHHTETHYHOMY (i3HKO-0pi-
€HTOBaHOMY Ha0Opi JaHUX, L0 OIKCYE CiM 1110 poOOTH cUcTeMH 3 iHTepBasioM JUcKperu3anii 10 cexyH/1 Ta BKI0Yae
HOPMAaJIbHUN PEKUM POOOTH 1 YOTUPH TUITH HECITPABHOCTEH: HECTAOUIBHICTD (pIIeIiI-ra3y, HOPYIICHHs pOOOTH KOHTYPY
PpeKyIeparii TeIuIoTH, MOTIpIIEHHs TOBEPHEHHS MacTiIa Ta Apel( naruuka. Pesyrsmamu. Po3podiena riopuHa cuc-
TeMa IPOIEMOHCTPYBala BUCOKI TIOKa3HUKHU BHSIBJICHHS aHOMaJIiH Ta JiarHOCTyBaHHs HeclipaBHOCTel. Ha nepuiomy
eTari TocsIrHyTo 3HaueHb Precision = 1,000, Recall = 0,903 ta Fi-score = 0,949. Ha apyromy erari 3arajibHa TOY-
HICTh KiIacudikalii HecripaBHOCcTel craHoBmIa 0,992, OTpuMaHi pe3yiibTaTH MiATBEPAUIH 31aTHICTh 3alIPOIIOHOBAHO-
TO IMiJXO/y PO3PI3HATH Pi3HI THIIM HECHPABHOCTEH Ta MOB’I3yBaTH BUSBICHI aHOMAIIT 3 (DI3MYHUMH MPOLIECAMU, IO
BiZIOYBAIOThCSI B XOJOAMIIBHIN cucTemi. Haykosa Ho6usHa. 3ampoNOHOBAHO (i3UKO-OPI€EHTOBAHY TIOPUIHY CHCTEMY
BUSIBJICHHSI aHOMAJIIi Ta J1arHOCTYBaHHS HECHPABHOCTEH JUIsl TPAHCKPUTUYHHUX OyCTEPHHUX XOJIOAMIBHUX CHCTEM Ha
R744 3 pexynepalli€ro TEIUIOTH Ta KOHTPOJIeM MacTiia. Ha BimMiHY Bif TpaauIiHHUX CTATUCTUYHUX METOIB, ITiIXi]
MOEHYE TEPMOIUHAMIYHY IHTSPIIPETALII0 3 AJITOPUTMAMU MAIIIMHHOTO HABYAHHSI, 110 3a0€3MEUYE SIK BUCOKY TOYHICTh
JIarHOCTYBaHHS, TaK 1 (PI3MYHY HOSICHIOBAHICTb PE3yNbTaTIB. [Ipakmuuna 3Hayumicms. 3aporoHOBaHUHN IT1/IX1]T MOXeE
Oytu interpoBanuii y cucremu SCADA ta BMS sk HanOynoBa [uisi AUCIIETUYEPCHKOTO MOHITOPUHTY KOMEPIIIHHHX
XOJIONWIIBHUX YCTAaHOBOK. BUKOpHCTaHHSI pO3pO0IICHOT CHCTEMH CIIPHSIE peastizalil MPeAUKTHBHOIO 00CIIyroByBaHHS,
MIJBUIICHHIO HAIIMHOCTI poOOTH 00JIaJIHAHHS, 3HUKCHHIO CHEPIrOCIIOKUBAHHS Ta BIIPOBAKCHHIO IHTECICKTYaTIbHUX
CTpareriii KepyBaHHS XOJOAWIBHUMH CHCTEMaMU Ha TIPUPOIHUX XOJI0/I0areHTax.

Kuarouosi ciioBa: OycrepHa xonoauibHa cucrema R744; BUsIBICHHS Ta 1iarHOCTYBaHHsI HECIIPABHOCTEH; (i3UKO-0pi-
€HTOBaHE MalllMHHE HAaBYaHHS; KjacTepu3alis k-means; aBTOCHKO/EP; PEKyIlepallisi TeIUIOTH; CHCTeMa KepyBaHHS
MacTHJIOM; IIPEIUKTHBHE 00CIYTrOBYBaHHSI.

PROBLEM STATEMENT

Refrigeration systems form the foundation of Cold
Chains [1]. Nowadays, industry needs not only safe
but also high-quality cold storage and transportation in
a regulated environment to the consumer. Disruptions
or inefficient Cold Chain performance lead to product
loss, which in own turn contributes to greenhouse gas
emissions [1]. Unsafe refrigeration with low-quality
food cold storage results in food spoilage [1]. In the EU
and among the main global players in the refrigeration
market, refrigeration equipment is viewed not just as a
technical system element but as a prioritized issue for
environmental and energy policies in order to create a
sustainable Cold Chain [8, 9, 12].

For commercial refrigeration, the transition
toward low-GWP refrigerants has increased interest in
R744 [2-5] booster systems, which can reduce direct
refrigerant-related emissions while maintaining high
refrigeration capacity and allowing heat recovery [5, 8,
20]. However, R744 booster systems are operationally
complex [11,13]. Receiver pressure, flash-gas bypass
operation, gas-cooler pressure control, compressor
staging, oil return, and heat-recovery activation
interact under changing load and ambient conditions
[17, 20]. In such systems, a small deviation in one
subsystem can propagate into compressor work,
discharge temperature, COP degradation, or unstable
receiver operation. This creates a practical need
for diagnostic tools that are both data-driven and
physically interpretable [6, 7, 15].

Objectives:

1. Defines a feature-based representation of the R744
booster system using thermodynamic states, control
variables, and operational indicators relevant to flash-gas,
heat-recovery, oil-return, and sensor-drift disturbances.
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2. Develops a hybrid Stage-1 anomaly-detection
logic that combines k-means clustering for global
operating-mode shifts with an autoencoder for local
nonlinear deviations.

3. Implements a Stage-2 fault-diagnosis procedure
that classifies detected anomalous samples into physically
interpretable fault categories.

4. Evaluates the framework using detection metrics,
per-class diagnostic performance, and PCA-based
visualization of operating regimes.

5. Discusses how the diagnostic outputs can be
integrated into supervisory control, energy auditing,
and predictive-maintenance workflows for low-GWP
refrigeration systems.

This work makes the following contributions:

— A physics-informed hybrid FDD workflow for
R744 booster refrigeration systems with heat recovery
and oil-management disturbances.

— A proposal of complementary global vs.
localized anomaly detection, showing when clustering
or autoencoder methods provide advantages within
diagnostic.

— An anomaly fault mapping can be
thermodynamically understandable, linking anomaly
patterns to refrigeration mechanisms (flash-gas behavior,
HR pressure effects, oil-return irregularities, sensor drift).

Together, these contributions support the development
of interpretable Al-assisted diagnostics for low-GWP
refrigeration systems without reducing the problem to a
purely statistical black-box classification task [6, 7, 14, 15].

LITERATURE REVIEW
Literature Review. Among the enhancements, Al
presents itself as a new and reliable tool for energy

efficiency improvement. Scientists [14] note that Al
can help to meet the environmental goals of the EU
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Green Deal regulation, amendment to the Monreal
Protocol [8, 9] more rapidly. In HVAC and refrigeration
applications, Al models together with feedforward neural
networks, radial basis function networks, neuro-fuzzy
systems, and recurrent networks have demonstrated good
performance in prediction, control, and fault detection
[6, 7, 15]. However, challenges remain concerning cost,
interpretability, and robustness under real-world system
conditions [6, 15].

Unsupervised Machine Learning was used for
refrigeration-system diagnostics. K-means clustering and
autoencoder-based models were applied as the principal
unsupervised approaches for system anomaly detection.
K-means was initially formulated by MacQueen [16]
and later widely formalized by Jain [17]. Fan et al. [18]
demonstrated its reliability for system-mode transition
identification as well as clustering operational modes in
chiller and HVAC systems.

Autoencoders represented efficient performance for
nonlinear localized deviation detection. Wang et al. [19]
deployed the sparse autoencoder model in order to enhance
the fault-detection procedure for the system. Researchers
found out that feature extraction based on Deep Learning
quite improves diagnostic-system performance in
comparison with conventional techniques [6, 15, 19].
Rajabi et al. [20] provided clustering comparison and
reconstruction approaches. Transversely, HVAC fault
datasets showed that the unsupervised model developed
performed better than conventional diagnostics based
on rules [20]. In their own turn, supervised HVAC fault-
detection methods use labeled both normal and faulty
data in order to train decision trees, SVMs, SVR, and
NN models [6, 7, 15]. But their performance for real fault
data is limited by undersupply, instability, and cost. That
leads to dependency on simulated or obsolete datasets.
Semi-supervised techniques moderate this dependency
with the help of incorporated overflowing data together
with the training set steadily expanding [6, 7]. Though,
it happens at higher computational cost. Clustering and
PCA unsupervised methods can provide a practical
variant through normal data together with defining hidden
operational-pattern usage [17, 18].

RESEARCH GAPS

Current research gaps include limited evaluation
of Machine Learning hybrid unsupervised approaches
combining  clustering  (global anomalies) and
Autoencoders (local nonlinear anomalies) [6, 7, 15],
insufficient mapping of anomaly signatures to physical
refrigeration mechanisms (e.g., HR pressure shifts,
oil-return faults, flash-gas instability) in R744 systems
[11, 13], and a lack of operational-scale validation for
R744 refrigeration systems with heat recovery and oil
management [10-13]. This study addresses these gaps
by developing and validating a hybrid K-means plus
Autoencoder anomaly detection framework intended for

212

3bIPHNK HAYKOBUX MPALb HYK

real-world R744 booster refrigeration systems within
performance objectives linked to sustainability [8, 13, 14].

AIM OF THE STUDY

The aim of this study is to develop and evaluate a
physics-informed hybrid anomaly-detection and fault-
diagnosis framework for an R744 booster refrigeration
system with heat recovery and oil-management
monitoring. The framework combines K-means
clustering, autoencoder reconstruction error, hybrid
decision logic, and fault-type classification on a synthetic
dataset calibrated to representative supermarket operating
behaviour.

METHODS, OBJECT OF THE STUDY,
SUBJECT OF THE STUDY

A hybrid anomaly detection framework was
developed for the R744 booster refrigeration system. The
system is equipped with the following elements: MT and
LT compressors, a gas cooler, an intermediate-pressure
receiver, a flash-gas bypass, a heat recovery (HR) heat
exchanger, and an oil management system [11, 13]. Data
preprocessing, thermodynamic modelling, Unsupervised
Machine Learning, and hybrid decision logic are included
in the proposed methodology [6, 7, 15].

The object of the study is an R744 booster
refrigeration system with heat recovery and oil
management operating under representative supermarket
conditions [11, 13]. The subject of the study is
operational fault (anomaly) detection and diagnosis. Both
global thermodynamic deviations and localized nonlinear
disturbances are identified using a Hybrid Unsupervised
Machine Learning approach. This approach combines
K-means clustering and deep Autoencoder reconstruction
error analysis [16-20].

SYSTEM CONFIGURATION
AND OPERATING PRINCIPLE

The R744 booster (two-stage) refrigeration system
is shown in Fig. 1. The system is designed for medium-
temperature (MT) chilled-food and low-temperature
(LT) frozen-food applications [11-13]. During system
development, recommendations from the scientific
literature and international refrigeration safety standards
were taken into account [10, 11, 13].

To enable integrated cooling and heating, a heat-
recovery heat exchanger is installed between the gas-
cooler outlet and the intermediate-pressure receiver inlet
[11, 13]. The heat exchanger cools a secondary water
loop from 12 °C to 7 °C, supporting the building’s air-
conditioning demand [11,12]. Such an arrangement
allows the utilization of waste heat and improves overall
system energy performance under favourable operating
conditions [11, 13].

This configuration can provide approximately
50-250 kW of recoverable thermal capacity at ambient
temperatures below 20-25 °C[11, 13]. However, at higher
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Fig. 1. Booster R744 refrigeration system with heat recovery and oil management (provided by
industry)

Table 1. Compact operating assumptions and diagnostic role of the retained variables

Block

Retained modelling values

Diagnostic role

Cooling-load
scale

LT load 60 kW; MT load 140 kW, total evaporator
load 200 kW

Defines the representative supermarket operating scale
and the cooling-load baseline

Temperature
levels

LT evaporation —25 °C; MT evaporation 0 °C;
gas-cooler outlet 35 °C

Sets the baseline thermodynamic state for pressure,
superheat, and discharge-temperature features

Pressure levels

Gas-cooler pressure 95 bar; receiver pressure
35-40 bar

Used for high-side, receiver-stability, and flash-gas-
instability indicators

Performance
indicators

COPsys = 2.2; compressor power 90.9 kW; heat
rejection 290.9 kW

Provides COP-related and energy-balance variables for
anomaly detection

Heat-recovery

Heat-recovery fraction 0.5; useful recovered heat

Supports heat-recovery disturbance features based on

assumptions 145.5 kW; water AT 30-35 K pressure, temperature, valve position, and COP deviation
f(l)(r)nw r?s(iion MT/LT mass flow 0.78/0.50 kg-s™'; isentropic Links load, compressor work, and discharge-temperature

pres: efficiency 0.75 for MT and LT stages behaviour in the synthetic generator
assumptions
Inventory CO, charge ~1000 kg; receiver liquid mass Provides the physical context for receiver and oil-return
and receiver . . .

. ~200 kg; liquid volume ~0.22 m? related diagnostic signatures

assumptions
Diagnostic 18-feature vector: pressures, temperatures, superheat, | Defines the input space used by k-means, autoencoder
variables COP, receiver stability, and valve positions detection, and multiclass SVM diagnosis

outdoor temperatures, the performance of transcritical
R744 systems may deteriorate because of increased gas-
cooler pressure and reduced cycle efficiency [10, 13]. The

and

investigated supermarket application is intended for the

climatic conditions of Vinnytsia, Ukraine, characterized
by winter temperatures down to approximately —20 °C
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summer peak temperatures up to +32 °C, making

seasonal heat recovery particularly relevant [10, 11, 13].
OPERATING CONTEXT AND FEATURE SET
Table 1 summarizes the modelling assumptions

retained for the diagnostic dataset. In this article, these
values are used as calculation inputs for physically
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meaningful diagnostic variables rather than as a separate
equipment-selection or seasonal-performance table.
The feature set links measured or simulated pressure,
temperature, valve-position, superheat, heat-recovery,
and COP-related variables to the operating mechanisms
expected in a supermarket R744 system [11, 13].

SYNTHETIC DATASET AND FAULT
SCENARIOS

The diagnostic [21] workflow was evaluated on
a synthetic physics-informed dataset generated in
MATLAB. The final calculation script represents
seven days of operation with a 10 s sampling interval,
giving 60,480 samples. Each sample is described by an
18-dimensional feature vector.

The feature vector includes gas-cooler pressure,
receiver pressure, MT and LT suction pressures, gas-cooler
outlet temperature, MT and LT suction temperatures,
MT and LT discharge temperatures, heat-recovery outlet
temperature, MT and LT superheat, gas-cooler approach
temperature, instantaneous COP, receiver stability index,
high-pressure valve position, flash-gas bypass valve
position, and heat-recovery valve position. The selected
variables reflect key thermodynamic, control, and
performance indicators commonly used for monitoring
and diagnostics of transcritical R744 refrigeration
systems [11, 13].

The dataset contains five operating labels: normal
operation and four fault classes. The fault classes were
selected because they correspond to physically plausible
disturbances in R744 booster systems with heat recovery
and oil management [11, 13].

The simulated fault scenarios are:

1) flash-gas instability, represented by receiver-
pressure oscillations, MT superheat variation, flash-gas
bypass fluctuation, and increased receiver-stability index;

2) heat-recovery disturbance, represented by high-
pressure valve and heat-recovery valve deviations,
increased gas-cooler pressure, higher discharge
temperatures, and reduced instantaneous COP;

3) oil-return disturbance, represented by low-
frequency discharge-temperature oscillations, increased
MT suction temperature, and increased MT superheat;

4) sensor drift, represented by a gradual bias in MT
suction temperature, accompanied by a smaller superheat
shift and an apparent COP deviation.

Only healthy samples were used to define the normal
feature distribution for unsupervised detection. This
reflects the practical situation in which labelled fault data
are limited, while normal operating data are more readily
available from SCADA or BMS histories.

Because the dataset is synthetic, the results should
be interpreted as simulation-based validation of the
diagnostic workflow. Field wvalidation on measured
operating data remains a required step before deployment
[6, 7, 15].
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K-MEANS CLUSTERING ANOMALY SCORE

The K-means clustering algorithm was selected as
the first-stage unsupervised anomaly detection method
because of its ability to identify global shifts in system
operating conditions through distance-based partitioning
of the feature space [16—18].

The normal data training set is partitioned into K
clusters by minimizing:

NI lllll 2
min J = xX.—c.|, 1
{CA},{ZA} pa || ! Zill2 ( )
where z; €{1, ..., K} is the cluster label of sample .

For any sample j (train or test), the K-means anomaly
score is the Euclidean distance to its nearest centroid:

Siomeans () =, min, | -], - @)

A threshold T, 1s derived from the empirical
distribution of's, ... on healthy data:

N [ 15 eans (D> Th g (K—means _anomaly)
akfmeans (-]) - { 0,—otherwise . (3)

AUTOENCODER FOR NONLINEAR LOCAL
ANOMALY DETECTION

The autoencoder was trained on healthy operating
data in order to capture nonlinear relationships in the
feature space [6, 15, 19]. The autoencoder maps the input

X, to a low-dimensional latent vector 4, and back:
h = fW.x +b,), 4)
xi=gW,h +Db,), 5)

where f{.) and g(.) are element-wise nonlinear activation
functions such as hyperbolic tangent function tanh;
trainable parameters are the W,, W,, encoder and decoder
weight matrices; b,, b, bias vectors.

Training minimizes the mean squared reconstruction
error on healthy data [19, 20]:

, (6)

where 6 = {W,, W,, b,, b,}.
The Autoencoder provides the anomaly score after
training the reconstruction error for any j sample:

2

xj—xj

()

With a threshold 7,00 derived from the
reconstruction error empirical distribution:

Saumenmder (j) = )

a () = { b Somtr > S (Attncoder anomaty) g
autoencoder j 0,—otherwise .

Hybrid anomaly indicator Stage 1 Detection. The
union (high-sensitivity) and intersection (high-precision)
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hybrid indicators combine clustering-based and
reconstruction-based anomaly information to improve
robustness of unsupervised fault detection [6, 7, 15, 20].

au(j) = [nd(ak—means(j) = 1 vV aautaencoder(j) = 1)’ (9)

a(\(j) = Ind(ak-meamns(j) = 1 N aautoencoder(j) = 1) (10)

where Ind(.) is the indicator function: 1 if the condition is
true and 0 otherwise.

HYBRID STAGE-1 DETECTION LOGIC

Before anomaly detection, all features are
standardized using the mean and standard deviation of
the healthy training subset. This prevents variables with
large numerical ranges from dominating distance-based
and reconstruction-based scores [18-20].

The first detector is k-means clustering trained on
healthy operation. It captures global operating-mode
deviations by measuring the distance between each
sample and the nearest normal-operation centroid.
Samples with excessive centroid distance are flagged as
global anomalies [16—18].

The second detector is an autoencoder trained on
healthy operation. It learns the nonlinear manifold of
normal R744 booster behaviour and uses reconstruction
error as an anomaly score. This detector is expected to be
more sensitive to local nonlinear deviations that may not
be far from a k-means centroid [19, 20].

The two detector outputs are combined using union
and intersection logic. The union output is suitable for
early warning because it accepts anomalies detected
by either method. The intersection output is more
conservative and is used as the high-confidence Stage-1
detection signal because it requires agreement between
the two methods [6, 7, 15, 20].

This hybrid structure preserves the complementary
behaviour of the detectors: k-means is sensitive to global
operating shifts, while the autoencoder is sensitive
to reconstruction inconsistency in nonlinear feature
relationships [18-20].

STAGE-2 FAULT DIAGNOSIS
AND PERFORMANCE METRICS

Samples identified by the high-confidence Stage-1
intersection logic are passed to the second diagnostic
stage [6, 15, 20]. In this article, the diagnostic stage is
treated as a multiclass classification problem in which
anomalous samples are assigned to one of four fault
classes: flash-gas instability, heat-recovery disturbance,
oil-return disturbance, or sensor drift [6, 7, 15].

The classifier is trained and tested only on anomalous
non-normal samples. A hold-out split is used for the
diagnostic stage so that classification accuracy and per-
class metrics are evaluated on samples not used during
classifier training [6, 15].

Detection performance is evaluated using true
positives, false positives, false negatives, true negatives,
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precision, recall, and F1-score. For Stage-2 diagnosis, the
same precision, recall, and F1 definitions are computed
separately for each fault class.

The purpose of this two-stage structure is to separate
the detection question (whether a sample is anomalous)
from the diagnostic question (which physical fault
mechanism is most likely responsible).

This separation is important for supervisory
control because early-warning alarms and maintenance
recommendations require different confidence levels
[14, 15].

Performance metrics are computed for binary
detection (normal vs. anomalous):

Precision = (TP)/(TP + FP), (11)
Recall = (TP)/(TP + FN), (12)
F1=(2 - Precision - Recall)/(Precision + Recall). (13)

The same equations are applied per class, treating one
class as positive and the rest as negative; F1 scores can
be macro-averaged across all fault types for multiclass
diagnosis [6, 7, 15].

INTEGRATION WITH THERMODYNAMIC
MODELLING AND SUPERVISORY
WORKFLOW

The developed thermodynamic model provides the
physical baseline for the anomaly-detection framework.
Expected pressures, temperatures, compressor work, heat-
recovery indicators, and COP-related quantities are used
to construct physically interpretable features [11, 13].
The machine-learning detectors then compare observed
or simulated operating behaviour with this feature-space
representation of normal operation [6, 7, 15].

The hybrid anomaly-detection pipeline is formalized
by the software architecture shown in Fig. 2. Raw
field measurements can be represented by the Sensor,
Measurement, and DataAcquisition classes; the
thermodynamic model reconstructs the system state; and
the FeatureExtractor module generates the numerical
vector consumed by the K-means and autoencoder
detectors [6, 15, 21].

The FeatureExtractor module can transform each
Measurement or State pair into a high dimensional
FeatureVector. This vector constitutes the numerical
representation consumed by downstream detectors.
Both K-means and Autoencoder implementations inherit
from the polymorphic /Detector interface. This interface
standardizes anomaly scoring (score(x)) and anomaly
classification (isAnomaly(score)) [20, 21].

The AnomalyDecision module can evaluate detected
anomalies. This module applies hybrid decision logic and
invokes the AlertService for system operator notification.
A Repository can store all intermediate artifacts
measurements, computed states, features, and anomaly
labels in order to ensure traceability, reproducibility, and
support for future retraining [14, 21].
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Sensor
+id: String

+type: String
+read|): Measurement

DataAcquisition

+poll(): Measurement
+validate{m: M easurement): bool

FeatureE xtractor

+bulld(s: State, m: Measurement):
FeatureVector

FeatureVector

+x[ |: double ffeg.,
[PLT.pMT,pGC,h_in_LTh_out_LTh in
_MTh_out_MT,COP]
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Measurement

+timestamp: DateTime
+plLT:double
+pMT: double
+pGC: double
+Tgc0ut: double
+TelT: double
+TeMT: double
+COP: double
+omuteState {m Measurement |

PHModel
+enthalples: Map<String double>
+zpacficWorks: Map<String double>

+computestate[m: Measurement):
State

State

+hl..h3: double

+wMT: double
+wiT: double
+glLT:double
+qMT: double

|Detector

<<interface>>
+score(x FeatureVector): double
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Fig. 2. Physics-informed hybrid anomaly-detection workflow for the R744 booster refrigeration system

The workflow links Sensors — Data Acquisition
— P-h/thermodynamic model — Feature Extraction
— K-means and Autoencoder detectors — Anomaly
Decision — Alert Service and Repository.

RESULTS AND DISCUSSION

Dataset Structure and Diagnostic Separability.
This section reports the fault-detection and diagnostic
results obtained for the physics-informed synthetic
dataset. The discussion is focused on feature
separability, Stage-1 anomaly detection, Stage-2 fault
diagnosis, and the operational interpretation of the
detector outputs.

The synthetic physics-informed dataset represents
seven days of R744 booster operation at a 10 s sampling
interval, giving 60,480 samples. Each sample is described
by the 18-feature vector defined in the methodology
section. The dataset includes normal operation and
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four fault classes: flash-gas instability, heat-recovery
disturbance, oil-return disturbance, and sensor drift.

2D PCA of CO2 Booster Features

-10 - normal
hr

drift

oil
flashgas

PC2 (34.4%%)

)
)
.

-60 -40 -20 0 20 40 60
PC1 (46.7%%)
Fig. 3. 2D PCA plot
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Principal Component Analysis was used as an
auxiliary visualization tool to assess whether the
engineered thermodynamic features separate normal
and faulty regimes. The first three principal components
retained more than 95 % of the total variance in the current
dataset. The resulting projection confirmed that the
simulated fault regimes are not arbitrary statistical noise:
they form physically interpretable deviations associated
with receiver-pressure behaviour, heat-recovery valve
action, oil-return degradation, and gradual sensor bias.

3D PCA of CO2 Booster Features

PC3 (14.6%5%)
I ()]

-10 0

PC2 (34.4%%) -50 PC1 (46.7%%)

Fig. 4. 3D PCA plot

Stage-1 Hybrid Anomaly Detection. The Stage-1
anomaly detector combines thermodynamic feature
engineering with two unsupervised indicators: K-means
clustering for global operating-mode displacement and
a sparsity-regularized autoencoder for nonlinear local
reconstruction errors. The synthetic dataset reproduces
characteristic R744 booster patterns, including MT
and LT evaporation behaviour, gas-cooler pressure
modulation, flash-gas bypass fluctuations, oil-return
effects, and receiver-pressure regulation.

The PCA projections in Fig. 3 and Fig. 4 are therefore
used only as diagnostic visualization, not as a separate
classifier. They confirm that the selected feature set
contains physically meaningful separation between
normal operation and the four simulated fault families.

Stage-1 detection used the conservative intersection
of the K-means and autoencoder outputs. This choice
intentionally reduces false alarms because a sample
is accepted as a high-confidence anomaly only when
both detectors agree. In the current synthetic run, the
intersection detector produced TP = 43,690, FP = 5,
FN = 4,695, and TN = 12,090. These values correspond
to Precision = 1.000, Recall = 0.903, and F1 = 0.949 after
rounding.

The result indicates that the detector is highly
selective: false alarms are almost eliminated, while most
fault samples are still captured. The remaining false
negatives are consistent with the selected conservative
logic and are expected mainly near fault onset, recovery
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intervals, or weakly expressed disturbances where only
one detector responds strongly.

Best Training Performance is 0.30671 at epoch 150

=
o_.

Train
Best

-
o
©

Mean Squared Error with L2 and
Sparsity Regularizers (msesparse)

3

(=]

50
- 150-Enochs

100 150

Fig. 5. Autoencoder training performance for reconstruction-
error learning on healthy operating data

Stage-2 Fault Diagnosis Performance. Stage-2
diagnosis was evaluated only for non-normal anomalous
samples. This separation prevents the diagnostic classifier
from being dominated by normal operating data and
makes the reported performance directly relevant to fault
identification. In the current run, the diagnostic stage
achieved an overall accuracy of 0.992.

The class-level F1 scores were 0.997 for flash-gas
instability, 1.000 for heat-recovery disturbance, 0.983 for
oil-return disturbance, and 0.982 for sensor drift. Heat-
recovery disturbance was the most clearly separated class
because it produces simultaneous changes in gas-cooler
pressure, valve position, discharge temperature, and
instantaneous COP. Oil-return disturbance and sensor
drift were more difficult because both can appear as
gradual temperature and superheat deviations, especially
when the fault magnitude is moderate.

Interpretation of Detector Complementarity. The
two unsupervised detectors showed complementary
behaviour. K-means was more sensitive to global
operating-mode  displacement, including receiver-
pressure excursions and high-side changes associated
with heat-recovery operation. The autoencoder was more
sensitive to nonlinear reconstruction inconsistency and
therefore better reflected localized disturbances such as
sensor drift or oil-return degradation.

For supervisory diagnostics, this complementarity
is more useful than either detector alone. The union
output can be retained as an early-warning signal when
sensitivity is more important than alarm selectivity.
The intersection output is more appropriate for high-
confidence alarms, maintenance prioritization, and
Stage-2 fault classification.

Practical Considerations for Supervisory-Control
Integration. The proposed diagnostic workflow can
be integrated into SCADA or BMS environments as
a supervisory layer rather than as a direct low-level
controller. Measurements are converted into physically
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interpretable features, anomaly scores are computed
by independent detectors, and the final decision layer
determines whether an alarm should be issued or whether
the sample should be routed to fault diagnosis.

Practical deployment requires periodic retraining after
changes in refrigerant charge, oil-management settings,
heat-recovery control strategy, or sensor calibration.
A sampling interval of 1-5 s is sufficient for online
monitoring in most supervisory applications, while the
10 s interval used in the synthetic validation is adequate
for demonstrating the proposed diagnostic logic.

Table 2. Stage-2 fault-diagnosis performance
for the final 18-feature R744 booster FDD dataset

Fault class Precision | Recall| F1-score
Flash-gas instability — — 0.997
Heat-recovery disturbance — — 1.000
Oil-return disturbance — — 0.983
Sensor drift — — 0.982
Overall Stage-2 accuracy 0.992

Overall, the results support the feasibility of a
physics-informed hybrid FDD framework for R744
booster refrigeration systems. The workflow does not
replace thermodynamic interpretation; instead, it uses
thermodynamic feature engineering to make machine-
learning alarms more traceable and operationally
meaningful.

CONCLUSION

This work developed and evaluated a physics-
informed hybrid FDD framework for an R744 booster
refrigeration system with heat recovery and oil-
management monitoring. The framework combines
thermodynamic feature engineering, K-means clustering,

3bIPHNK HAYKOBUX MPALb HYK

autoencoder reconstruction error, hybrid decision logic,
and a second-stage fault-diagnosis procedure. The final
synthetic dataset represents seven days of operation
with a 10 s sampling interval and an 18-feature vector
describing pressures, temperatures, valve positions,
superheat, COP-related indicators, and receiver stability.

The Stage-1 intersection strategy provided a
conservative high-confidence anomaly signal. For the
current run it produced Precision = 1.000, Recall = 0.903,
and F1 = 0.949, indicating that false alarms were almost
eliminated while most fault samples were still detected.
The remaining missed samples are consistent with
weakly expressed or transitional fault states where only
one unsupervised detector responds strongly.

The Stage-2 diagnostic stage assigned anomalous
samples to four physically interpretable fault classes:
flash-gas instability, heat-recovery disturbance, oil-
return disturbance, and sensor drift. The overall Stage-2
accuracy was 0.992. The strongest separation was
obtained for heat-recovery disturbance, while oil-return
disturbance and sensor drift remained more challenging
because both can appear as gradual temperature and
superheat deviations.

The results support the use of hybrid unsupervised
diagnostics as a supervisory layer for low-GWP
commercial refrigeration systems. The proposed
workflow does not replace thermodynamic interpretation;
instead, it makes machine-learning alarms more traceable
by linking anomaly scores to pressure regulation, heat-
recovery operation, oil-return behaviour, and sensor
bias. Practical deployment will require field validation,
periodic retraining after control or charge changes, and
calibration of alarm thresholds for the target SCADA or
BMS environment.
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