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Abstract: To address the shortcomings of existing fault diagnosis models for aero-engine gas 
path components, such as weak feature extraction capabilities and low diagnostic accuracy, this 
study proposes a fault diagnosis model underpinned by the Fungal Growth Optimization 
(FGO) algorithm (FGO-1DCNN-LSTM). This model integrates a 1D convolutional neural 
network (1DCNN) and a long short-term memory network (LSTM). LSTM's strength in 
extracting temporal features compensates for the limitations of 1DCNN in processing time-
series data. A split-path convolutional fusion module is introduced into the 1DCNN, enabling 
parallel input of sensor data, thus enhancing both the network's extraction capabilities and 
efficiency. Simultaneously, the FGO algorithm is incorporated to tackle the issue of 
hyperparameter optimization. To validate the model's performance, training and validation 
experiments were conducted using the N-CMAPSS dataset, which covers fault data under 
three typical operating conditions: low-altitude low-velocity, higher-altitude and higher-
velocity, and high-altitude high-velocity. Experimental results indicate that the FGO-1DCNN-
LSTM model attains fault diagnosis accuracies of 90.74%, 91.67%, and 94.44% under three 
operating condition. In comparison with the unoptimized 1DCNN-LSTM model, its diagnostic 
accuracy is improved by 2.78%, 10.19%, and 3.7%, respectively. The results provide evidence 
that the FGO-1DCNN-LSTM model can effectively achieve accurate identification and 
diagnosis of faults in aero-engine gas path components.
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1 Introduction

Aero engines typically need to operate stably and 
continuously under extremely harsh operating conditions, 
which places stringent requirements on the safety and 
reliability of the equipment[1]. Once an aircraft engine 
experiences gradual performance degradation or sudden 
mechanical failure, it can trigger a chain of failures such 
as a sudden drop in thrust or excessive vibration, leading 
to catastrophic flight accidents[2,3]. Related studies have 
shown that more than half of the failure cases of aero 
engines are caused by abnormal operating conditions of 
the air path components[4]. The air path components of 

aero engines mainly include the fan, compressor, 
combustion chamber, turbine and tail nozzle, which 
constitute the key path for power generation and energy 
transfer[5]. Because the gas circuit components are 
subjected to extreme working conditions for a long time, 
they are prone to failure and the failure modes are 
complex and diverse[6]. It follows that the timely 
diagnosis and identification of gas path malfunctions in 
aero engines are essential.

Research on fault diagnosis of aero-engine air circuit 
components began in the 1960 s[7], Currently, the main 
diagnostic methods for aero-engine gas path components 
fall into three categories: methods for establishing 
diagnostic models based on mechanisms, and diagnostic 
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methods based on expert prior knowledge and diagnostic 
methods leveraging data-driven frameworks[8]. Analytical 
model-based diagnostic methods simulate engine 
operating conditions by establishing mathematical 
frameworks such as aerodynamic thermodynamic 
equations and component-level models, and locate faults 
by combining the deviation between sensor data and 
model output[9]. In recent years, algorithms such as 
Kalman filtering and weighted least squares have been 
continuously iterated in the optimization based on 
analytical models[10]. Guido Herrmann et al. proposed an 
effective emission control strategy for aero-engines, 
aiming to solve the challenges brought about by the 
uncertainty of the state and parameters of analytical 
models[11]. Jia Zihao et al. formulated a multi-state gas-
path analysis approach and a fault principal factor 
screening strategy to address the problem of analytical 
model identification. Nonlinear feature extraction was 
achieved through least squares fitting, which reduced the 
diagnostic error in the verification of turbofan engines[12]. 
However, the accuracy of analytical model-based 
diagnostic methods relies heavily on the engine's internal 
parameters, and the modeling complexity of its dynamic 
coupling effect limits the real-time diagnostic capability 
and results in low diagnostic efficiency[13].

Empirical knowledge-based diagnostic methods are 
represented by expert systems, fuzzy logic and 
hierarchical analysis, which rely on domain knowledge 
bases and rule reasoning to achieve fault diagnosis[14]. 
However, such methods face problems such as lagging 
knowledge base updates and insufficient rule 
interpretability. Especially when dealing with failure 
modes of new material components, the reliability of 
diagnosis decreases significantly due to the lack of prior 
knowledge. Compared with the two methods mentioned 
above, data-driven fault diagnosis methods have 
significant advantages. They can avoid the complex 
modeling and solution process based on mechanisms, 
overcome the problem of insufficient prior knowledge, 
and have numerous advantages such as high sensitivity, 
enhanced robustness and superior generalizability in fault 
diagnosis tasks. Typical data-driven fault diagnosis 
methods comprise neural networks, decision trees, and 
support vector regression[15-17].

Deep learning, as a data-driven method for deeper 
networks, is suitable for processing massive quantities of 
information data and can extract deeper features from the 
data to achieve accurate fault diagnosis tasks[18-20]. In 
deep learning methods, Convolutional Neural Network 
(CNN), due to their unique convolutional concept, can 
deeply mine the spatial features of data, thereby enabling 
their widespread application in fault diagnosis. However, 
due to the limitations of their network structure, they are 
not sensitive to the temporal dimension features of data. 
Long Short-Term Memory (LSTM) architectures 
constitute a refined variant of recurrent neural networks, 
making them highly appropriate for deriving features 

from extended sequence data. They can store longer 
memories and excel at incorporating long-term 
dependencies into their structure, providing excellent 
results and performance when dealing with long-term 
data sequences. Therefore, this study adopts a method 
combining CNN and LSTM networks to establish a fault 
diagnosis model for aero-engine air circuits, achieving 
the goal of diagnosing aero-engine air circuit faults. First, 
a one-dimensional convolutional neural network 
(1DCNN) is used to extract the spatial features of aero-
engine air circuit fault data. Second, LSTM is used to 
extract the temporal features of aero-engine air circuit 
fault data. By fusing the 1DCNN and LSTM neural 
network models and introducing a multi-feature fusion 
module into the 1DCNN, the features of the fault data can 
be captured more accurately, completing the construction 
of the 1DCNN-LSTM model. Finally, the Fungal Growth 
Optimization (FGO) algorithm[21] was introduced to 
predict the hyperparameters that need to be manually 
adjusted in the model, thus enhancing both the model's 
accuracy and computational efficiency. Figure 1 presents 
the research procedure of this study.

2  1DCNN-LSTM-based Fault 
Diagnosis Model for Aero-engine 
Air Paths

2.1 1DCNN

CNN is a neural network that uses special linear 
discrete convolution operations, and it has high fault 
tolerance and robustness in feature learning[22]. Since the 
sensors of the aero-engine air path components are one-
dimensional time-series data[23], but the convolution 
kernels of traditional CNN networks are two-
dimensional, it is necessary to construct one-dimensional 
convolution kernels to realize the basic structure of 
1DCNN network, so as to better apply to aero-engine air 
path fault data. In addition, By introducing branch 
convolution and multi-feature fusion modules, the 
method processes data from different sensors through 
parallel branch convolutions followed by fusion, enabling 
parallel data input and thereby enhancing the model's 
efficiency and capability in feature extraction. The 
formula of the feature fusion module is described as 
follows:

Ffusion =∑i=1

n αi × Fi (1)

In the equation, represents the weight of the i-th 
feature (satisfying ∑i=1

n αi = 1), which is adaptively 

learned through network training. Specifically, these 
weights are learnable parameters of the model. During 
training, the network continuously adjusts the value of 
αiaccording to the loss function, enabling the final fused 
features to more effectively diagnose faults. The structure 
of the 1DCNN used in this study is illustrated in Figure 2.
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Fig.1 Architectural Framework Diagram

Fig.2 1DCNN network structure
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2.2 1DCNN-LSTM Fault Diagnosis Model

LSTM uses "cell state" as the core information 

flow[24,25], and its structure is shown in Figure 3. In this 

study, a two-layer LSTM is constructed to improve 
the model's ability to model long sequence 
dependencies through two layers of temporal feature 
extraction.

Given the significant differences between 1DCNN 
and LSTM in feature extraction mechanisms, this study 
proposes to integrate the two models in series, leveraging 
the powerful extraction capabilities of LSTM for time-

dimensional features to compensate for the limitations of 
1DCNN in this regard, and constructing a 1DCNN-
LSTM model to diagnose air path faults in aero-engines. 
The 1DCNN-LSTM model is illustrated in Figure 4.

2.3 FGO-1DCNN-LSTM Model

To address the hyperparameter tuning problem of 
1DCNN-LSTM models, this study introduces the Fungal 
Growth Optimizer (FGO) algorithm to construct the FGO-
1DCNN-LSTM model. FGO is a metaheuristic 
optimization algorithm based on fungal growth behavior, 
inspired by three key biological processes in fungi: 
hyphal tip growth, branching, and spore germination[26]. 
By simulating the mechanism by which fungi seek 

nutrients in complex environments, this algorithm 
balances exploration and exploitation capabilities, 
effectively solving high-dimensional, multimodal 
optimization problems.

The framework of the FGO-1DCNN-LSTM aero-
engine gas path fault diagnosis model is depicted in 
Figure 5. First, the sensor data across various working 
conditions in the N-CMAPSS dataset are analyzed, and 
the obtained data are downsampled and smoothed to 

Fig.3 LSTM network structure

Fig.4 1DCNN-LSTM network structure
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generate a sample set. The sample set is partitioned into a 
training set and a test set at an 8: 2 ratio. A 1DCNN-
LSTM model is established and the initial interval of 
hyperparameters is set. The hyperparameters are optimized 

by the FGO algorithm to achieve the maximum accuracy 
of the model. The test set is fed into the model, and the 
Softmax layer's diagnostic results are produced to 
evaluate the model's performance[27].

2.4 Parameters of the FGO-1DCNN-LSTM model

Table 1 illustrates the structural parameters of the 
1DCNN-LSTM. After preprocessing, the data is input in 
parallel into the split convolutional module of the 
1DCNN to extract spatial features. The split 
convolutional module effectively reduces feature aliasing 

between different sensors. Subsequently, the high-
dimensional feature sequence is reduced by pooling and 
then input into a two-layer LSTM network model after 
passing through the feature fusion module to further 
extract temporal features. Finally, the Softmax layer 
outputs the probability of the result based on the 
extracted feature information.

The initial learning rate, regularization coefficient, 
and number of hidden layers are chosen as the 
hyperparameters to be optimized, and are given in Table 2. 
The quality of the optimization algorithm can be judged 

by the convergence process of the fitness function, which 
is defined as follows:

Fitness(θ)= 1 - max
1£e£E

Acce
test (θ) (2)

Fig.5 Framework diagram of FGO-1DCNN-LSTM

Table 1 1DCNN-LSTM architecture parameters

Structural layer

Convolutional layerC1

Convolutional layerC2

Convolutional layerC3

Feature fusion layer

Double layer LSTM

Fully connected layer

SoftMax Output layer

Parameter settings

Conv1d(1, 32)

Conv1d(32, 64)

Conv1d(64, 128)

CrossSensor(6x1)

LSTM*2

Fully connected

Activation:Softmax

Enter shape

1,1000

32,500

64,250

128,125

125,256

125,192

192,256

Output shape

32,500

64,250

128,125

256,125

125,192

192,256

4,1
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In the formula, θ is the hyperparameter vector, E 
is the number of training rounds in the search phase, 
and Acce

test (θ) represents the test accuracy in thee-th 
round.

To verify the reliability of the FGO optimization 
algorithm, three other algorithms—Bayesian optimization 
(BO), particle swarm optimization (PSO), and genetic 
optimization (GA) —were selected for comparison. As 
shown in Figure 6, The BO, PSO, and GA optimization 
algorithms were compared respectively, where the fitness 
function represented the error in accuracy of the test set 
during the parameter tuning process. After 15 iterations, 
the convergence of the fitness function of the FGO 
optimization algorithm substantially outperformed that of 
the other three optimization algorithms, indicating that 
the FGO optimization algorithm performs well in finding 
the objective function of the network introduced in this 
study.

3 Data Preprocessing

3.1 Dataset Introduction

The dataset utilized in this study is the publicly 
available simulation data of aircraft engine performance 
degradation from NASA's Ames Research Center, namely 
the N-CMAPSS dataset[28]. The research group led by 
Manuel used the commercial modular simulation 
platform CMAPSS to conduct in-depth research on the 
performance degradation of aircraft engines based on real 
flight conditions recorded on commercial aircraft. They 
successfully developed a fresh dataset, named N-
CMAPSS, which aims to provide a reference for 
performance evaluation in the aviation field. CMAPSS 
simulates real commercial turbofan engines, covering 
flight altitudes of 0–40 kft, Mach numbers of 0–0.9, sea 
surface temperatures of -60–103 ℉, and thrust of 90 klb.

Manuel et al. used the CMAPSS platform to first 
randomly set an initial Remaining Useful Life (RUL) for 
the aero-engine model, and then introduced various types 
of faults at a certain moment to cause different abnormal 
performance degradation processes in the aero-engine. 
Finally, the RUL of the gas path components was 
continuously calculated. When the RUL was 0, the 
system was judged to have failed, and the simulation 
ended. It should be noted that in the N-CMAPSS dataset, 
each engine has undergone dozens or even hundreds of 
flight cycles, and each flight cycle simulates one flight 
mission of the aircraft. Before abnormal degradation, the 
data is considered healthy. Only when abnormal 
degradation occurs at a certain moment, the data of all 
flight cycles from that moment until the engine stops are 
considered fault data. As shown in Figure 7(a), the x-axis 
represents the number of cycles, and the y-axis represents 
the Remaining Useful Life (RUL). The blue part 
represents the normal degradation process, which is 
considered healthy data. The red part represents the 
abnormal degradation process, which is considered fault 
data. The high-pressure compressor efficiency failure 
degradation process is shown in Figure 7(b). Through the 
above steps, we can obtain different fault data[28].

Table 2 Interval setting of the 1DCNN-LSTM hyperparameters

Parameter

Initial learning rate

L2 regularization coefficient

Number of hidden layer neurons

Upper and lower limits

[10-3,10-1]

[10-3,10-2]

[64,256]

Fig.6 Fitness function graph

Fig.7 Remaining life degradation model
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The N-CMAPSS dataset contains operational data 
for one flight cycle recorded by sensors. Each flight cycle 
includes multiple timestamp records, various sensor 
readings such as pressure, temperature, and fuel flow, and 
also includes marker information related to engine faults. 
This dataset provides test results from 128 unique units 
and covers seven fault categories, each of which affects 
the flow rate (F) and efficiency (E) of the turbofan 
engine, involving all the rotating components. 
Considering the completeness of the data sample and the 
diversity of faults, this study mainly focuses on the 
research and analysis of four types of faults: DS01, 
DS05, DS06 and DS07. The fault labels are shown in 
Table 3.

Taking DS01 as an example, Figure 8 shows its 
flight envelope based on its flight altitude and Mach 
number. The figure shows three colored flight envelopes, 
corresponding to three flight conditions. Specifically, 
green represents the flight envelope at low altitude and 
low speed for a short duration, with an altitude not 
exceeding 20,000 feet, a speed not exceeding Mach 0.6, 
and a flight duration typically between 1 and 3 hours. For 
ease of explanation, we will denote this condition as 
Condition A. Orange represents the -flight envelope at 
higher altitude and higher speed for a longer duration, 
with an altitude not exceeding 30, 000 feet, a speed not 
exceeding Mach 0.7, and a flight duration typically 
between 3 and 5 hours. Similarly, we will denote this 
condition as Condition B. Blue represents the flight 
envelope at high altitude and high speed for an extremely 
long duration, with an altitude exceeding 30, 000 feet, a 
speed not less than Mach 0.6, and a flight duration 

typically reaching 5 to 7 hours. We will denote this 
condition as Condition C, as shown in Table 4.

Figure 9 shows the decrease in high-pressure turbine 
flow rate with increasing flight cycle count under three 
operating conditions. Figure 9(a) shows the change in 
high-pressure turbine efficiency of the three engines with 
increasing flight cycle count under operating condition A; 
Figure 9(b) shows the change in high-pressure turbine 
efficiency of the three engines with increasing flight 
cycle count under operating condition B; and Figure 9(c) 
shows the change in high-pressure turbine efficiency of 
the three engines with increasing flight cycle count under 
operating condition C. In summary, it can be observed 
that the failure in operating condition A occurs in the 
latest cycle, close to 40 cycles; the failure in operating 
condition B occurs in the middle cycle, around 24 cycles; 
and the failure in operating condition C occurs in the 

Table 3　Types of Faults and Labels

Data

DS01

DS05

DS06

DS07

LPC

E

-

-

√
-

F

-

-

√
-

HPC

E

√
√
√
-

F

-

√
√
-

LPT

E

-

-

-

√

F

-

-

-

√

Label

0

1

2

3

Fig. 8 Flight envelope diagrams under different 
operating conditions

Table 4 Table of Different Operating Conditions

Condition

Operating Condition A

Operating Condition B

Operating Condition C

Alt(ft)

<20000

<30000

>30000

Speed(Mach)

<=0.6

<=0.7

>=0.6

Time(h)

1–3

3–5

5-7

Fig.9 Efficiency variation diagrams of high-pressure turbines 
under three operating conditions
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earliest cycle, less than 20 cycles. This study tested the 
accuracy of the model under these three operating 
conditions.

The fault data for each operating condition is 
composed of flight data recorded by sensors throughout 
each flight cycle, serving as a sample. For each of the 
four different faults, 90 flight cycles of data are taken,
composed of data from different engines, for a total of 
360 data samples. Tables 5, 6, and 7 present the sample 
composition of condition A, condition B and condition C 
respectively.

3.2 Data Preprocessing

Turbofan engines are core equipment in modern 
aerospace engineering. Thanks to their complex structural 
design and extremely high manufacturing precision, their 

performance and efficiency have reached industry-
leading levels. The core components of this engine 
include a fan, low-pressure compressor (LPC), high-
pressure compressor (HPC), combustion chamber (CC), 
low-pressure turbine (LPT), and high-pressure turbine 
(HPT), as illustrated in Figure 10. These components 
work together to convert atmospheric air into a high-
velocity jet stream, generating powerful thrust to provide 
the core power for aircraft flight. During operation, air 
first enters the fan, which increases the total intake air 
volume and optimizes subsequent combustion efficiency, 
laying the foundation for air compression and 
combustion. The air then enters the compressor, where 
rotating blades compress the air, significantly increasing 
its density and pressure, delivering a high-pressure, high-
temperature working medium to the combustion chamber. 
Inside the combustion chamber, the compressed air mixes 
thoroughly with fuel and burns, generating high-
temperature, high-pressure combustion gas. Finally, this 
combustion gas flows through the turbine and is ejected 
at high speed. The turbine absorbs energy from the 
combustion gas and converts it into rotational kinetic 
energy, driving the compressor to continuously compress 
more air, thus forming a stable cyclical working process.

Table 5 Overview of Samples for Operating Condition A

Data

DS01

DS05

DS06

DS07

Unit

1

4

7

4

5

8

4

5

8

4

5

8

Cycle

71-100

66-95

61-90

70-99

38-67

51-100

58-87

70-99

62-91

50-79

56-85

54-83

Quantity

90

90

90

90

Training set

63

63

63

63

Test set

27

27

27

27

Label

0

1

2

3

Table 6 Overview of Samples for Operating Condition B

Data

DS01

DS05

DS06

DS07

Unit

3

6

8

1

3

7

1

3

7

1

3

7

Cycle

71-100

65-94

60-89

51-80

36-65

56-85

49-78

36-65

51-80

38-67

49-78

49-78

Quantity

90

90

90

90

Training set

63

63

63

63

Test set

27

27

27

27

Label

0

1

2

3

Fig.10 Structural diagram of turbofan engine

Table 7 Overview of Samples for Operating Condition C

Data

DS01

DS05

DS06

DS07

Unit

2

5

10

2

6

9

2

6

9

2

6

9

Cycle

46-75

60-89

53-82

51-80

38-67

40-69

49-78

39-68

40-69

56-85

45-74

67-96

Quantity

90

90

90

90

Training set

63

63

63

63

Test set

27

27

27

27

Label

0

1

2

3

40



INSTRUMENTATION, Vol. 13, No. 2, June 2026

3.2.1 Correlation Analysis

There are 32 sensors related to the gas path 
components in the N-CMAPSS dataset. Nevertheless, 
owing to the extremely intricate internal structure of the 
aero-engine, as component coupling intensifies, sensors 
become more tightly interdependent, greatly enhancing 

the correlation among their data. In order to efficiently 
diagnose faults from the sensor data, it is necessary to 
perform Pearson correlation analysis between the sensors[29]. 
Figure 11 is a correlation heat map of 32 sensors. It can 
be seen from the figure that the correlation between the 
sensors is very high, and the correlation between some 
sensors even reaches 1.

To ensure the efficiency of subsequent model 
operation and the effectiveness of feature extraction, this 
study removes sensors with values higher than 0.9 from 
the 32 sensors, leaving 6 sensors as inputs for the 
subsequent model: flight altitude (Alt), flight Mach 
number (Mach), throttle solver angle (TRA), low-
pressure compressor outlet total temperature (T24), fan 
stall margin (SmFan), and low-pressure compressor stall 
margin (SmLPC).

3.2.2 Data Downsampling

The amount of data in aero-engine operation is huge. 
Traditional data feature extraction will cause data 
redundancy and high computational cost. In order to 

quickly extract data features within the aero-engine 
operation cycle, this study introduces the K-means 
clustering method[30]. The original dataset, consisting of 
tens of thousands of samples, was compressed to a 
standardized 1, 000 samples using the k-means method, 
significantly reducing the model's computational load. 
The downsampled standard samples were then fed into 
the network.This method divides the data into K clusters, 
compresses the feature space by minimizing the distance 
within the cluster, uses the cluster center point to 
represent the local data distribution, maps high-
dimensional data to low-dimensional cluster label space, 
and reduces the amount of data while retaining data 
features.

Fig.11 32-channel sensor correlation heat map

41



Luyao He et al: Aero-engine Air Path Fault Diagnosis via FGO-1DCNN-LSTM

3.3 Evaluation Indicators

In order to comprehensively evaluate the 
experimental results of aero-engine gas path fault 
diagnosis, this study uses accuracy, precision, recall rate 
and F1 score as evaluation indicators for fault 
diagnosis[31]. The definition of each evaluation indicator 
is as follows:

ì

í

î

ï

ï

ï
ïï
ï

ï

ï

ï

ï

ï
ïï
ï
ï

ï

ï

ï

Accuracy =
TP +TN

TP + FP +TN + FN

Pr ecision =
TP +TN
TP + FP

Recall =
TP

TP +TN

F1score = 2 ´
Pr ecision ´Recall
Pr ecision +Recall

(3)

In equation (3), the true positive (TP) indicates the 
number of correctly classified faulty samples, the true 
negative (TN) indicates the number of correctly classified 
non-faulty samples, the false positive (FP) indicates the 
number of faulty samples incorrectly predicted as fault-

free, and the false negative (FN) indicates the number of 
non-faulty samples incorrectly predicted as faulty.

Accuracy refers to the fraction of correct predictions 
made by the model, precision indicates the proportion of 
samples predicted as faulty that are actually faulty, recall 
quantifies the model's ability to detect positive instances, 
and the F1 score is the harmonic average of precision and 
recall, providing a measure of the model's overall 
performance. In summary, the four evaluation criteria 
mentioned above can deliver a comprehensive evaluation 
of the aero-engine fault diagnosis model's performance.

4  Aircraft engine air path fault 
diagnosis based on FGO-1DCNN-
LSTM

To test the efficacy of the FGO-1DCNN-LSTM 
model for fault diagnosis in aero-engine gas paths, 
diagnostic analysis was performed on four types of fault 
data under three different operating conditions. GRU, 
TCN, 1DCNN, LSTM, and 1DCNN-LSTM were selected 
as comparative models. First, the GRU and TCN models, 
which are commonly used in fault diagnosis, were 
selected as control models to analyze the significance of 
using convolutional neural networks. Second, 1DCNN, 
LSTM, and 1DCNN-LSTM models were selected to 
illustrate the significance of the network combination and 
parameter optimization used in this study. The parameters 
in these three models are the same as the corresponding 
structural parameters in FGO-1DCNN-LSTM to ensure 
the rigor of the experiment.

4.1  Model Training Under Three Working 
Conditions

Figure 13 shows the model training accuracy curve 
and loss function curve under condition A.

Figure 13(a) illustrates the accuracy curves of six 
models—GRU, TCN, 1DCNN, LSTM, 1DCNN-LSTM, 
and FGO-1DCNN-LSTM—under condition A. After 80 
iterations, the accuracy of all six models stabilized, 

remaining above 75%. In comparison, the diagnostic 
performance of GRU, TCN, and LSTM was poor, below 
90%. The 1DCNN network with the introduction of a 
split-path convolution module achieved an accuracy of 

Fig.13 Training curve of working Condition A model

Fig.12 Data downsampling
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92.85%, but its accuracy fluctuated significantly during 
training. The 1DCNN-LSTM network, which fused 
LSTM and 1DCNN, further improved the accuracy to 
94.84%. Thanks to the parameter optimization of the 
FGO algorithm, the FGO-1DCNN-LSTM model was the 
most stable and had the highest accuracy of 97.22% 
throughout the training process, a 2.38 percentage points 
increase over the unoptimized model.

Figure 13(b) shows the loss function curves of six 
models—GRU, TCN, 1DCNN, LSTM, 1DCNN-LSTM, 
and FGO-1DCNN-LSTM—under condition A. The 
figure shows that GRU and TCN have the worst 
convergence performance, while the FGO-1DCNN-
LSTM model converges the fastest and stabilizes earliest.

Figure 14 illustrates the model training accuracy 
curve and loss function curve under condition B.

Figure 14(a) illustrates the accuracy curves of six 
models—GRU, TCN, LSTM, 1DCNN, 1DCNN-LSTM, 
and FGO-1DCNN-LSTM—under scenario B. After 80 
iterations, the accuracy curves of all six models tended to 
stabilize. Among them, the accuracy of GRU, TCN, and 
LSTM was lower than that of the other three models, 
with the final result hovering around 70%. 1DCNN-
LSTM had slightly higher accuracy than 1DCNN, with 
the accuracy of the two models being 86.61% and 
80.95%, respectively. The FGO-1DCNN-LSTM model, 
after hyperparameter optimization using the FGO 
algorithm, achieved a final accuracy of 91.11%, which 
was 4.50 percentage points higher than the unoptimized 

accuracy, and it consistently maintained the highest 
accuracy throughout the entire training process.

Figure 14(b) shows the loss function curves of six 
models: GRU, TCN, LSTM, 1DCNN, 1DCNN-LSTM, 
and FGO-1DCNN-LSTM. After 80 iterations, the 
convergence ability of GRU, TCN, and LSTM models 
is comparatively low, with loss function values all 
higher than 0.6. The FGO-1DCNN-LSTM model has 
the best convergence performance compared to the 
other models.

Figure 15 illustrates the model training accuracy 
curve and loss function curve under operating 
condition C.

Figure 15(a) illustrates the accuracy curves of six 
models—GRU, TCN, LSTM, 1DCNN, 1DCNN-LSTM, 
and FGO-1DCNN-LSTM—under scenario C. After 80 

iterations, the accuracy of all six models exceeded 75%. 
In particular, GRU and TCN yielded the poorest 
performance, with accuracy falling below 80%; LSTM 

Fig.14 Training curve of working Condition B model

Fig.15 Training curve of working Condition C model
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showed marginally better results, achieving an accuracy 
of 88.09%, but the curve fluctuated and was not very 
stable; 1DCNN achieved an accuracy of 90.07%, 
outperforming LSTM; the fused 1DCNN-LSTM model 
further improved its overall accuracy to 95.61%; and the 
FGO-1DCNN-LSTM model, after hyperparameter 
optimization, achieved an accuracy of 98.41%, and was 
the first to stabilize during the entire training process, 
showing a 2.80 percentage points improvement in 
accuracy compared to the unoptimized model.

Figure 15(b) illustrates the loss rate curves of six 
models—GRU, TCN, LSTM, 1DCNN, 1DCNN-LSTM, 
and FGO-1DCNN-LSTM—under condition C. After 80 
iterations, the GRU and TCN models converged more 
slowly, with loss function values   all above 0.8, while the 
loss function values   of the other four models were all 
below 0.3. The FGO-1DCNN-LSTM model had the 

lowest loss function value, at only 0.1, and converged 
earliest.

In light of the accuracy and convergence rate of the 
models above, it is clear that the GRU and TCN models 
perform poorly. Therefore, these two models will not be 
analyzed in the model metrics and confusion matrix 
sections of the diagnostic experiments for the following 
three operating conditions.

4.2  Four Types of Fault Diagnosis Under 
Operating Condition A

The trained model was applied to identify faults in 
the test set under operating condition A. The diagnosis 
results of the four faults were plotted into a confusion 
matrix, which can more intuitively show the diagnostic 
effects of different models, as shown in Figure 16.

Figure 16 shows the test set confusion matrices for 
four models: LSTM, 1DCNN, 1DCNN-LSTM, and FGO-
1DCNN-LSTM. All four models are relatively sensitive 
to faults 1 and 2. The LSTM model is insensitive to faults 
0 and 3, with an accuracy of only 79.63%. The 1DCNN 
model shows an overall improvement in accuracy to 
83.33%, but performs poorly with fault 3. The 1DCNN-
LSTM combination model further improves accuracy to 
87.96%. The FGO-1DCNN-LSTM model has the highest 
accuracy and best performance, reaching 90.74%, which 
is 11.11%, 7.41%, and 2.78% higher than the LSTM, 
1DCNN, and 1DCNN-LSTM models, respectively.

Figure 17 depicts the evaluation metrics of the four 
models. The FGO-1DCNN-LSTM model attains the best 
performance in all four metrics, with Accuracy, Precision, 
Recall, and F1 score of 90.74%, 90.87%, 90.84%, and 
90.81%, respectively.

4.3  Four Types of Fault Diagnosis Under 
Operating Condition B

The trained model is used to diagnose the test set 
under working condition B, and the diagnosis results are 
plotted as a confusion matrix, as shown in Figure 18.

Fig.16 Confusion matrices for working condition A
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Figure 18 shows the test set confusion matrices for 
four models: LSTM, 1DCNN, 1DCNN-LSTM, and FGO-
1DCNN-LSTM. All four models generally demonstrate 
good diagnostic performance for fault 3. The LSTM 
model is insensitive to both faults 1 and 3, with an 
accuracy of only 70.37%. The overall accuracy of the 
1DCNN model has increased to 73.15%, and the 
accuracy of the combined 1DCNN-LSTM model is 
further improved to 81.48%. The FGO-1DCNN-
LSTM model performs best, achieving an accuracy of 
90.74%, which is 20.37%, 17.59%, and 9.26% higher 
than the LSTM, 1DCNN, and 1DCNN-LSTM models, 
respectively.

Figure 19 illustrates the evaluation metrics of the 
four models. In the evaluation scores, the FGO-1DCNN-
LSTM model surpasses the other three models in all 
evaluation metrics, with Accuracy, Precision, Recall and F1 
score of 91.67%, 92.04%, 91.69% and 91.66%, respectively.

4.4  Four Types of Fault Diagnosis Under 
Operating Condition C

The trained model is used to diagnose the test set 
under working condition C, and the diagnosis results are 
plotted as a confusion matrix, as shown in Figure 20.

Figure 20 shows the test confusion matrices of 
LSTM, 1DCNN, 1DCNN-LSTM, and FGO-1DCNN-
LSTM models under different faults. All four models 

Fig.17 Evaluation Indicators for Working Condition A Model

Fig.18 Confusion matrices for working condition B

Fig.19 Evaluation indicators of Working Condition B model
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showed the most stable performance for faults 0 and 1. 
The LSTM model was insensitive to fault 2, with an 
accuracy of 80.56%. The 1DCNN model had an overall 
accuracy of 83.33%, but its diagnostic performance for 
faults 2 and 3 was poor. The accuracy of the combined 
1DCNN-LSTM model was 90.74%. The highest accuracy 
was achieved by the FGO-1DCNN-LSTM model at 
94.44%, which was 13.88%, 11.11%, and 3.7% higher 
than the LSTM, 1DCNN, and 1DCNN-LSTM models, 
respectively, but its diagnostic performance for fault 2 
was unsatisfactory.

The evaluation metrics for the four models are 
shown in Figure 21. The FGO-1DCNN-LSTM model has 

the highest evaluation metrics, with Accuracy, Precision, 
Recall and F1 score of 94.44%, 94.54%, 94.34% and 
94.32%, respectively.

5 Conclusion

This study proposes an FGO-1DCNN-LSTM fault 
diagnosis model for diagnosing aero-engine gas path 
faults. This model leverages the ability of LSTM to 
handle long-term dependencies between time-series data, 
compensating for the limitations of 1DCNN in feature 
extraction over the temporal dimension. Furthermore, a 
feature fusion module is introduced into the 1DCNN 
model to further enhance the network's feature extraction 
capabilities. The FGO algorithm is incorporated into the 
1DCNN-LSTM model to construct the FGO-1DCNN-
LSTM model, thereby addressing the issue of 
hyperparameter optimization in deep learning models. 
Results show that the trained FGO-1DCNN-LSTM model 
exhibits excellent performance, achieving accuracy rates 
of 90.74%, 91.67%, and 94.44%, respectively. In 
comparison with the 1DCNN-LSTM model without the 
FGO algorithm, the proposed model achieves accuracy 
improvements of 2.78%, 10.19%, and 3.7%, respectively. 
The FGO-1DCNN-LSTM model demonstrates enhanced 
stability, convergence, and stronger generalization 
abilities. Comparison of experimental results across three 
operating conditions reveals that the model's diagnostic 
accuracy gradually increases with the improvement of the 

Fig.20 Confusion matrices for working condition C

Fig.21 Evaluation indicators of Working Condition C model
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aero-engine's operating condition level. This is because 
the characteristics of fault signals become easier to 
identify with higher operating condition levels. This 
study can act as an important addition to current aero-
engine condition monitoring and fault diagnosis systems, 
offering guidance for the optimal performance of aero-
engines.
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