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Compressors, as essential industrial equipment, are widely utilized in air conditioning,
refrigeration, energy, and chemical sectors. The operational stability of compressors
directly impacts system efficiency and safety. Due to the complex thermodynamic
processes and variable operating conditions involved in compressor operations, accurately
monitoring their status and predicting potential faults are crucial for improving equipment
reliability and optimizing maintenance strategies. Traditional compressor fault prediction
methods usually rely on thermodynamic models and statistical analysis. While some
progress has been made, existing methods often face limitations when addressing complex
nonlinear, multivariable, and time-varying characteristics. Recently, machine learning and
deep learning-based fault prediction methods have gained significant attention, but
challenges remain in real-world applications, including data quality, model accuracy, and
computational efficiency. To address these issues, this paper proposes an intelligent
monitoring and fault prediction approach for compressors based on deep learning. First, a
thermodynamic model of the compressor operation process is constructed, enabling real-
time acquisition of key operational parameters. Subsequently, a fault prediction model is
developed by integrating the sparrow search algorithm (SSA) with the long short-term
memory (LSTM) model. By performing time series analysis on compressor operational
data, the model achieves accurate fault prediction and early warning. This approach
effectively enhances prediction accuracy and robustness, offering strong practical
application value.

1. INTRODUCTION

With the continuous advancement of industrialization,

Currently, research on compressor fault prediction and
health monitoring has made certain progress, with many
researchers attempting to predict and diagnose compressor

compressors play a crucial role in various mechanical
equipment and are widely used in fields such as air
conditioning, refrigeration, petrochemicals, and energy [1-4].
As a high-efficiency power device, the stable operation of
compressors directly impacts system efficiency and safety.
Therefore, accurately monitoring the operational status of
compressors and predicting their faults in a timely manner has
become an important research topic in related fields [5-7].
During compressor operation, changes in internal
environments and external loads can impact performance,
further affecting thermodynamic parameters of the system,
such as pressure, temperature, and flow rate [8, 9].
Consequently, accurately obtaining and analyzing
thermodynamic parameters during compressor operation has
become a critical approach to improving compressor
operational efficiency and reliability, reducing energy
consumption, and minimizing fault occurrences.
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faults based on traditional thermodynamic models, statistical
methods, and machine learning techniques [10-13]. By real-
time monitoring and analyzing compressor operational data in
combination with various fault modes, researchers have
proposed multiple predictive algorithms aimed at improving
the accuracy of fault detection and early warning capabilities
[14, 15]. These studies not only contribute to extending
equipment lifespan and reducing maintenance costs but also
enhance production safety and system reliability to a certain
extent. Thus, constructing an efficient and accurate
compressor fault prediction and monitoring model holds
significant application value and practical significance.
However, most existing research is based on traditional
thermodynamic models and statistical analysis methods, often
relying on manually set rules and feature selection, making it
challenging to address the complex, nonlinear, and time-
varying nature of compressor operations [16-19]. Even studies
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using machine learning and deep learning methods often face
issues in balancing data quality, model complexity, and
prediction accuracy [20, 21]. Current fault prediction models
still exhibit deficiencies in handling multivariable and
multifactor influences, such as overfitting, low computational
efficiency, and poor model robustness, which to some extent
restricts their promotion and application in actual engineering.

To address the above issues, this paper proposes a new deep
learning-based method for intelligent monitoring and fault
prediction of compressor operational status. First, a
thermodynamic model of compressor operation based on
thermodynamic principles is constructed, and an intelligent
detection method is designed to monitor key operational
parameters of the compressor in real-time, providing accurate
status assessment. Secondly, this paper proposes a new
compressor fault prediction method based on the combination
of the SSA and the LSTM model, achieving early fault
prediction by processing complex time series data. Through
this integrated technical framework combining deep learning
and thermodynamic models, compressor fault prediction
accuracy, timeliness, and robustness are effectively improved.
The research in this paper not only provides an innovative
solution for compressor fault prediction but also establishes a
new technological foundation for the intelligent operation and
maintenance and health management of industrial equipment.

2. THERMODYNAMIC MODEL CONSTRUCTION
AND INTELLIGENT PARAMETER DETECTION FOR
COMPRESSOR OPERATION

Figure 1 presents the schematic of the intelligent detection
for compressor thermodynamic parameters. In constructing
the thermodynamic model of compressor operation for
intelligent parameter detection, a series of reasonable
assumptions about the working medium’s thermodynamic
characteristics and operating conditions are necessary. These
assumptions aim to simplify system complexity while
ensuring the model's operability and computational efficiency
in practical applications.

(1) It is assumed that the working medium within the
compressor system remains in a uniform state, meaning that
thermodynamic parameters such as temperature and pressure
are consistent at all points within the system.

(2) The flow of the working medium within the cylinder is
assumed to be single-phase, implying that the flow is uniform
and continuous, disregarding multiphase flow or irregularities
in flow.

(3) When constructing the thermodynamic model, it is
assumed that gas state parameters at all points within the
compressor cylinder are identical, meaning the gas inside the
cylinder remains in a homogeneous isothermal and isobaric
state.

(4) To simplify the analysis of gas state changes, pressure
variations in the intake and exhaust pipes of the compressor
are assumed negligible, with pressure considered as a constant
value.

(5) Focusing on the gas state changes inside the cylinder,
only the internal energy of the gas in the cylinder is considered,
while the influence of gas kinetic and potential energy is
ignored.

Based on the law of mass conservation, assuming no
leakage of the working medium, the change in mass entering
and leaving the control volume of the compressor equals the
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mass increment of the working medium within the control
volume. Specifically, by monitoring the flow rates at the intake
and exhaust ports and combining with the state parameters of
the working medium, the mass increment of the working
medium within the compressor at each stage can be calculated,
thus providing foundational data for subsequent energy
analysis. Let L represent the mass of the working medium in
the cylinder, L, the mass of discharged medium, and L, the
mass of intake medium, then:

dL=dL; —dL, (1)

According to the first law of thermodynamics, the energy
changes in an open system can be described by the energy
conservation equation. For a compressor, the energy changes
during the compression, expansion, intake, and exhaust
processes all need to be modeled individually. By establishing
differential equations for each stage, the changes in gas state
parameters over time can be described, accurately reflecting
the combined effects of internal energy, external power input,
heat exchange, and other factors on the working medium in
each process. Let I represent the heat added from the external
environment to the system, s represent time, Q represent the
work done by the working medium on the external
environment, g the specific enthalpy of the working medium
in the exhaust valve chamber, g; the specific enthalpy in the
intake valve chamber, and 7 the specific internal energy of the
working medium in the cylinder. Then, the thermodynamic
process in the open system is expressed as:

%_%:%gﬁ%gﬁ% L-i) @)
Since
9=2,-S 3)
i—7 .S “)
j=z,12, 5)

Assuming that the temperature of the working medium in
the cylinder is represented by S, the temperature of the
working medium in the exhaust valve chamber by S7, and the
temperature of the working medium in the intake valve
chamber by S;, with constant-volume specific heat represented
by Z,, constant-pressure specific heat by Z,, and adiabatic
coefficient by j, Eq. (2) can be rewritten as:

ds

+LZ,—+27,S di
ds

ds

dﬂ_d_Q_de .

dL, .
— 2,5, —JZ,S
ds dS dS J n*n dS J n*~tn (6)

Assuming the cylinder pressure is represented by PO,
cylinder volume by VN, compression factor by ZC, the amount
of gas substance by L, the gas constant by E, and the gas
temperature by S. Then:

dQ = OdN %

ON =CLES )

Then Formula (6) can be written as:



ds CLES dN dL,

LZ, —+—— —jZ,S,,
ds N ds ds )
dL‘ jZ,S, —dﬂ+2 s%=o
ds ds ds

During the intake process, the gas enters the compressor
from the environment, and changes in temperature and
pressure need to consider the state change of the gas flow.
During compression, the gas volume decreases, and pressure
and temperature increase. In the exhaust process, the
compressed gas is discharged, with gas expansion and heat
exchange considered. Expansion may occur when the
compressor is shut down or in special operating conditions,
where the gas energy gradually releases. By modeling each of
these processes and integrating them into an overall
thermodynamic model, a thermodynamic process model that
can reflect the real-time operational state of the compressor is
ultimately constructed. For the intake process (dL/ds=dLds,
dL/ds=0), we have:

LZd—S —CLESd—N ZHS% JZnStdL‘ dw =0 (10)
ds N ds ds ds ds

For the exhaust process (dL/ds=-dLyds, dL/ds=0), we have:

dS CLES dN dL dL  dw

For the compression and expansion processes (dL/ds=dLyds
=dLsds=0), we have:

I_anSJrCLES‘d_N_dW 0 (12)
ds N ds ds

To enable intelligent detection of thermodynamic
parameters during compressor operation, this study designs a
system capable of real-time monitoring and analysis of the
state within and around the compressor cylinder. For
fundamental thermodynamic parameters such as the working
medium’s mass in the cylinder, cylinder volume, cylinder
pressure, and temperature, high-precision sensors and flow
meters are installed to acquire real-time data. Pressure sensors
monitor changes in cylinder pressure, temperature sensors
measure cylinder temperature, and flow meters measure the
mass flow rate during intake and exhaust. Utilizing these real-
time data, combined with thermodynamic equations, enables
calculation of the working medium’s mass and specific
internal energy within the cylinder. Additionally, based on
these fundamental parameters, the specific enthalpy and
specific internal energy of the medium in the cylinder can be
derived, achieving real-time assessment of the gas state within
the cylinder. The coordinated operation of temperature,
pressure, and flow sensors forms a comprehensive real-time
monitoring system that supplies data support for the
thermodynamic process model of the compressor.

Lz, —+——+jz2,5, —+2,S—-———=0
"ds N ds ds Uds ds an
Electric Heating
System
[ ] | i
() Data Acquisition

Sysfem

Gas Boosting System

Figure 1. Schematic of intelligent detection for compressor
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Figure 3. Framework of the compressor thermodynamic parameter monitoring and control system

In practical application scenarios like the refrigeration
system illustrated in Figure 2, precise intelligent detection of
thermodynamic parameters during intake and exhaust is
essential. To monitor parameters such as the specific enthalpy
and temperature of the working medium in the intake and
exhaust valve chambers, high-precision sensors must be
installed at the intake and exhaust ports. Specific enthalpy and
temperature of the working medium in the intake and exhaust
valve chambers can be directly measured by sensors, and

calculations using flow data further determine the
thermodynamic properties of the working medium during the
intake and exhaust processes. Using the first law of
thermodynamics and accounting for external power input and
the work done by the medium on the surroundings, the real-
time data enables calculation of energy changes at each stage,
thus allowing assessment of the compressor’s overall
operational efficiency and fault status.

Figure 3 presents the framework of the thermodynamic
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parameter monitoring and control system for compressors.
Using intelligent algorithms, this study compares these
thermodynamic parameters with historical operating data and
fault patterns to predict and identify potential anomalies or
fault risks. This intelligent monitoring system not only
achieves precise monitoring of the compressor’s operational
process but also dynamically adjusts operational strategies
based on real-time thermodynamic parameters, enhancing the
compressor’s operational efficiency and reliability.

3. CONSTRUCTION OF THE COMPRESSOR FAULT
PREDICTION MODEL BASED ON SSA-LSTM MODEL

In the operation of compressors, multiple parameters such
as pressure, temperature, and flow are involved, and these
parameters exhibit complex dynamic patterns over time due to
influences from the mechanical structure and process
conditions. Traditional fault prediction methods often struggle
to fully uncover deeper patterns within high-dimensional,
nonlinear data. Therefore, this paper adopts the SSA-LSTM
model for compressor fault prediction. The SSA has a global
search capability that allows it to find optimal solutions within
a large hyperparameter space. Meanwhile, the LSTM network
effectively retains long-term dependencies when handling
time-series data. Combining these two methods enables the
SSA-LSTM model to adaptively extract essential features
from multi-dimensional time-series data for compressors,
while the LSTM's memory mechanism captures long-term
temporal trends within the data, providing higher accuracy in
fault prediction. Additionally, compressor fault prediction
requires a model that can maintain high predictive accuracy in
variable operating environments and with incomplete sensor
data. SSA not only efficiently adjusts LSTM's
hyperparameters but also adapts to various changes and
interference factors that may occur during compressor
operation. LSTM handles data irregularities and missing data,
ensuring the model's stability in practical applications. The
integration of SSA and LSTM enables the SSA-LSTM model
to adapt to various dynamic changes in the compressor's
operating process and to perform real-time fault diagnosis and
prediction, providing a scientific basis for preventive
maintenance and fault management of equipment.

Specifically, the SSA is employed to optimize the
parameters of the LSTM model, enhancing the accuracy and
reliability of compressor fault prediction. SSA is a swarm
intelligence optimization algorithm that simulates the foraging
behavior of sparrows. By modeling the collaborative and
competitive behavior mechanisms among sparrows during
foraging, the algorithm seeks the optimal solution within the
search space. In this model, the "leader sparrow" guides the
group toward optimal food sources in an unknown
environment, while the "follower sparrows" adjust their
positions according to the leader's position. This strategy
balances global and local search, enabling SSA to effectively
avoid local optima and enhancing the global search capability
of the optimization process.

Let s denote the current iteration count, /7yx represents the
maximum number of iterations, and A4, be the position of the
u-th sparrow in the k-th dimension. B € (0, 1] is a random
number, with alert and safety values represented by E» and T,
respectively. Let W be a random number following a normal
distribution, M be a matrix with one row and f columns of all
ones, and f'denotes the dimensionality of the compressor fault
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prediction problem. The position update formula for the
discoverers is as follows:

J(E2<TS)
ﬂ'ITMAX
Af’k +W-M(E2 ZTS)

s+l _ Ajk .exp[

k

(13)

Assume that the current optimal position occupied by the
discoverers is Ao and the current global worst position is A wo.
Let X be a constant controlling the magnitude of individual
position updates. Then the position update formula for the
joiners is as follows:

;)
2

W -exp [%J(u >
X*M  (otherwise)

Af,k _Aéﬂ

s+l _
kT

(14)

s+l
+

When aware of danger, the sparrow population exhibits
anti-predation behavior. Suppose the step control parameter is
a, the current global optimal position is 4z, and J € [-1, 1] is
a random number. Let d, be the fitness value of the current
sparrow individual, with dj, and d, representing the current
global best and worst fitness values, respectively. A very small
constant is denoted by 7, and the corresponding mathematical
expression is as follows:

A +a A _AES;EI (du >dh)
s,+k1: s A=A _ (15)
AJ,MJ'[W] (d,=d,)

In the compressor fault prediction model, the LSTM neural
network is the core component, used for processing complex
time-series data from the compressor operation process,
extracting the long-term dependency features from the data to
achieve accurate fault prediction. The basic structure of LSTM
includes the forget gate, input gate, and output gate. These
three gating mechanisms are responsible for determining the
“memory” and “forgetting” processes within the neural
network. Through these gating mechanisms, the LSTM
network can selectively “remember” important historical
information related to faults while “forgetting” redundant
information unrelated to fault prediction, thereby significantly
improving prediction accuracy. In the specific task of
compressor fault prediction, the time-memory capability of
LSTM is particularly important. The operating state of the
compressor often includes parameters with complex
dependencies, such as temperature, pressure, and vibration,
and the dynamic changes of these parameters over a long
period are crucial for fault prediction.

Assume the previous cell state is z.i, and the connection
between the previous hidden state g,.; and the current input a;
is represented by |g.1, as]. The weight matrix and bias term of
the forget gate are represented by g4 and ys respectively.
Sigmoid is the activation function, and the forget gate
expression is as follows:

d, = sigmoid (g, -|g, .|+, ) (16)

Assuming the current cell state is z,, the input gate
expression is:



u, =sigmoid (q, /g, ;. a|+Y,) (17)
The candidate cell state z's is calculated using the tanh
function, with the calculation formula as:

2, =tanh(Q, 0,1 + Q. +; ) (18)
The forget gate dy and the input gate u, control the size of
the updated cell state z,, with the calculation formula:
Zs :ds*zs—l_'_us*zls (19)

Assuming the current hidden state is g, the output gate
expression is:

p, =sigmoid (Q,, 0, , +Qua, +Y,) (20)

The calculation of the hidden state g, is determined by p;
and z:

g, = p, *tanh(z,) (21)

Through its detailed internal structure, the LSTM neural
network can capture the deep-level associations of these
parameters over time, thus learning the latent patterns in the
data. In the compressor operation data, the occurrence of
certain faults may require prediction based on historical data
spanning hours or even days, and the LSTM, with its “long
short-term memory” capability, can maintain stable learning
performance over such extended time spans.

In the compressor fault prediction model, the basic principle
of the SSA-LSTM model is to optimize the hyperparameters
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of the LSTM model using the SSA to improve the accuracy
and stability of compressor fault prediction. The LSTM itself,
as a powerful time-series data processing model, can
effectively capture the long-term dependency relationships in
the compressor operation process. However, the performance
of LSTM largely depends on the selection of its
hyperparameters, such as learning rate, hidden layer size, and
the number of iterations, and the reasonable setting of these
hyperparameters directly affects the model’s training results
and prediction accuracy. SSA, as a swarm intelligence-based
optimization algorithm, simulates the foraging behavior of
sparrows to perform a global search in the hyperparameter
space and automatically finds the optimal combination of
hyperparameters. By using SSA to optimize the LSTM model,
it can be ensured that the model maintains high training
efficiency and prediction accuracy when processing
compressor operation data. Especially when dealing with
complex time-series data and multiple variables, the optimized
LSTM can better capture potential fault patterns and trends.
Figure 4 shows the compressor fault prediction process based
on the SSA-LSTM model.

Specifically, in this paper, the Sparrow Search Algorithm
sets the maximum number of iterations to 100 and the
population size to 50, with 20% of the individuals designated
as “discoverers,” responsible for exploring a broader
hyperparameter space. This setup allows SSA to effectively
search for the optimal solution across multiple hyperparameter
dimensions, including learning rate, number of iterations, and
the number of neurons in the two hidden layers. After 80
iterations, SSA quickly converges, finding the optimal
combination of hyperparameters, with a learning rate of
0.0016 and the best number of iterations as 83. This
hyperparameter combination provides the LSTM network
with an efficient training framework, enabling the model to
accurately identify and predict compressor faults.
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Figure 4. Compressor fault prediction process based on SSA-LSTM model
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4. EXPERIMENTAL RESULTS AND ANALYSIS

Table 1 presents the relationship between compression ratio
and volumetric efficiency, cooling capacity, power, and COP.
Under varying compression ratios, the operational efficiency
of the compressor shows significant changes. As the
compression ratio decreases (from 7.32 down to 2.31), both
volumetric efficiency and cooling capacity increase
significantly, while power consumption decreases, leading to
a gradual increase in the COP. For instance, when the
compression ratio drops from 7.32 to 2.31, cooling capacity
increases from 1125 W to 2123 W, power consumption
decreases from 913 W to 645 W, and the COP rises from 1.25
to 3.32. This indicates that at lower compression ratios, the
compressor achieves more efficient energy conversion,
enhancing cooling performance while reducing power
consumption. This data provides a foundation for subsequent
fault prediction, especially as fluctuations in volumetric
efficiency, power, cooling capacity, and COP under different
operating conditions can help identify potential anomalies or
faults.

Table 2 provides the relationship between condensing
temperature and the compressor performance parameters:
volumetric efficiency, cooling capacity, power, and COP.
From the data, it is evident that as the condensing temperature
increases, the volumetric efficiency, cooling capacity, and
COP generally decrease, while power demand shows an
upward trend. Specifically, when the condensing temperature
rises from 18.56°C to 23.89°C, volumetric efficiency
decreases from 0.87 to 0.68, cooling capacity reduces from
912 W to 765 W, and power consumption increases from 421
W to 468 W. This trend indicates that at higher condensing
temperatures, the operational efficiency of the compressor
decreases significantly, energy consumption rises, and the
COP declines from 2.23 to 1.75. This change reflects the
significant impact of condensing temperature on compressor
performance, as higher condensing temperatures lead to
reduced system efficiency and increased energy waste,
providing potential indicators for fault prediction.

Table 3 shows the relationship between evaporating
temperature and key performance parameters of the
compressor, including volumetric efficiency, cooling capacity,
power, and COP. Observations reveal that as the evaporating
temperature rises, the compressor’s volumetric efficiency,
cooling capacity, and COP generally increase, while power
consumption demonstrates a more complex variation.
Specifically, as the evaporating temperature increases from -
9.78°C to -4.23°C, volumetric efficiency rises from 0.63 to
0.83, and cooling capacity increases from 489 W to 556 W.
Power consumption fluctuates but shows an overall upward
trend. Simultaneously, COP rises from 1.23 to 2.36, indicating
that as the evaporating temperature increases, the
compressor’s energy efficiency improves, enabling it to
deliver higher cooling capacity with less energy consumption.
This suggests that a moderate increase in evaporating
temperature can significantly enhance the overall operational
efficiency of the compressor, reflecting the thermodynamic
optimization of the system as the evaporating temperature
changes.

In conjunction with the fault prediction method based on the
LSTM and SSA proposed in this paper, the data in Tables 1-3
provide essential time-series features for the precise analysis
of compressor operational status. The LSTM model can
identify potential fault risks from the relationships between
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evaporating temperature and other key parameters. For
instance, if the evaporating temperature increases significantly
but the compressor’s volumetric efficiency and COP do not
improve as expected and instead show a decline, this may
signal internal thermodynamic issues within the device, such
as insufficient refrigerant, overheating, or internal leakage.

Table 1. Relationship data between compression ratio,
volumetric efficiency, cooling capacity, power, and COP

Compression  Volumetric Cooling Power co
Ratio Efficiency Capacity (W) (W) P
7.32 0.72 1125 913 1.25
6.58 0.73 1326 889 1.35
5.42 0.74 1452 856 1.56
4,12 0.77 1521 823 1.78
3.45 0.81 1623 789 212
3.36 0.83 1745 754 223
2.89 0.81 1856 732 256
2.64 0.85 1952 689 278
2.38 0.88 2125 662 3.14
231 0.87 2123 645 3.32

Table 2. Relationship data between volumetric efficiency,
cooling capacity, power, and COP with condensing

ternperature
Moty Yomarc S o

(°C) y W)
18.56 0.87 912 421 2.23
21.23 0.86 923 424 2.24
21.54 0.84 889 428 2.15
22.36 0.82 867 421 1.89
22.15 0.81 865 436 1.85
21.25 0.77 832 438 1.78
22.36 0.76 826 439 1.76
22.36 0.73 824 448 1.74
23.54 0.71 789 462 1.71
23.89 0.68 765 468 1.75

Table 3. Relationship data between volumetric efficiency,
cooling capacity, power, and COP with evaporating

temperature

Evaporating Volumetric COOI".]g Power

Temperature Efficiency Capacity (W) cop
Q) (W)
-9.78 0.63 489 478 1.23
-9.36 0.65 482 489 1.35
-8.87 0.68 512 512 1.56
-8.25 0.71 523 523 1.58
-7.54 0.72 524 532 1.68
-7.12 0.74 534 524 1.87
-6.28 0.77 538 541 1.78
-5.78 0.81 521 526 1.89
-5.23 0.82 548 535 2.21
-4.23 0.83 556 524 2.36

Based on the time-series data provided in Figures 5-7, the
data illustrate the variation in compressor outlet temperature
as state collection counts vary across different compressor
operating conditions. In Time Series 1, Time Series 2, and
Time Series 3, the fluctuations and trends between the actual
and predicted values are consistent, demonstrating regularity
in compressor operation across different conditions. By
analyzing long-term dependencies in time-series data, the
LSTM model can recognize normal and abnormal modes of



compressor operation under varying conditions. For example,
in some periods, if the condensing or evaporating temperature
shows large fluctuations but the volumetric efficiency and
cooling capacity fail to increase as expected and instead
decrease, this could indicate internal compressor issues, such
as poor cooling or refrigerant insufficiency. The SSA further
optimizes the LSTM model’s parameters, adaptively adjusting
weights and learning rates to improve fault prediction
accuracy.
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Through this data, we observe that, within specific time
intervals, the compressor's performance exhibits varied trends
as the state collection count changes. For instance, in Time
Series 1, volumetric efficiency and cooling capacity fluctuate
over time, with power and COP values showing correlations
to condensing and evaporating temperatures. In Time Series 2,
an increase in evaporating temperature results in cooling
capacity and power fluctuations, while volumetric efficiency
and COP improve during certain periods, reflecting the
compressor's adaptability to different thermal environments.
In Time Series 3, the compressor demonstrates more complex
dynamic changes over time, particularly a sudden increase in
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power under high load, which could indicate a precursor to
potential faults. Analysis of such complex time-series data
provides valuable insights for fault prediction. Possible fault
outcomes include compressor overload, internal component
failures (e.g., compressor damage, leakage, or overheating),
and performance degradation due to instability in the control
system. This intelligent prediction method enables early fault
detection and location, offering decision support for
maintenance personnel, thereby reducing downtime and repair
costs.

5. CONCLUSION

This paper proposed an innovative approach for intelligent
monitoring and fault prediction of compressor operational
status based on deep learning, integrating thermodynamic
principles with advanced machine learning models to provide
a smart solution for compressor fault prediction and health
management. First, a thermodynamics-based model of the
compressor operation process was established, which can
accurately describe the compressor's thermodynamic
characteristics under various conditions, offering a scientific
basis for monitoring and evaluating key operational
parameters. Based on this model, an intelligent detection
method was designed to monitor key parameters such as
volumetric efficiency, cooling capacity, power, and COP in
real time, providing data support for compressor status
evaluation and fault prediction. Additionally, this study
innovatively combined SSA with LSTM model, proposing a
new fault prediction method for compressors. This method
processed complex time-series data to identify potential fault
risks in advance. Experimental results show that compressor
parameters such as volumetric efficiency, cooling capacity,
power, and COP exhibit distinct fluctuating patterns under
varying condensing temperatures, evaporating temperatures,
and compression ratios. By training the deep learning model,
it effectively captured the temporal variations and internal
correlations of these parameters, achieving high accuracy in
fault prediction. Through comparative analysis of actual and
predicted values, the proposed method can accurately predict
potential faults during the compressor's normal operation
phase, thereby supporting subsequent maintenance decisions.

This research presented a novel technical framework for
compressor fault prediction and health management, with
significant research value. By combining thermodynamic
modeling with deep learning, this approach surpasses the
limitations of traditional mechanical fault diagnosis methods,
offering a new intelligent monitoring and early warning tool
for compressors and similar industrial equipment. The
integration of SSA with the LSTM model leverages time-
series data generated during compressor operation, improving
fault prediction accuracy and timeliness, and significantly
enhancing equipment reliability and safety.

However, this study also has certain limitations. First,
although the proposed model can handle various types of time-
series data, its generalization capability and adaptability
require further verification in practical applications,
particularly when applied to different brands and models of
compressors, which may require additional adjustments and
training. Second, while the thermodynamic model describes
the basic operational patterns of compressors, it may have
limitations in handling complex dynamic load changes,
environmental variations, and system fault modes.



Additionally, the deep learning methods employed rely on
extensive historical data, which could pose challenges for data
collection and processing in practical deployment. Future
research directions could focus on: (1) exploring fault
prediction methods adaptable to various industrial equipment;
(2) further optimizing deep learning models to improve
robustness in complex environments; and (3) developing more
efficient online learning algorithms to achieve real-time
monitoring and prediction, addressing the needs of industrial
equipment for dynamic change and fault prediction in sudden
failure scenarios.
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