Ingegneria sismica

International Journal of Earthquake Engineering
Anno XLIIT - Num. 1 - 2026

Large model construction method for fault diagnosis of heavy gas
turbine based on LoRA low-rank modulation

Hang Ruan®”, Nailiang Sun' and Hong He!
1 CNOOC Gasand Power Group Co., Ltd. Chaoyang District, Beijing 100028

SUMMARY: Aiming at the problems of high dimension of heavy gas turbine operation data,
rapid change of working conditions, unbalanced fault samples and high training cost of
traditional deep models, a large fault diagnosis model construction method based on LoRA
low-rank modulation was proposed. The method takes multi-source operation data as input,
establishes a fault semantic representation module, and maps time series signals such as
temperature, pressure, flow, speed, vibration and control feedback into high-dimensional
representations with context correlation. On this basis, the LoRA low-rank modulation
adaptation mechanism is introduced to efficiently fine-tune the parameters of the pre-trained
time series large model, and the feature fusion of time domain, frequency domain and working
condition is combined to improve the complex fault recognition ability. Experimental results
show that the accuracy, recall rate and macro-average F1 value of the proposed model on the
test set reach 96.8%, 95.1%and 95.7%respectively, which are better than those of SVM, CNN,
LSTM and standard Transformer models. At the same time, the number of trainable
parameters is reduced from 88.4M to 9.6M, which reduces the computational overhead while
ensuring the diagnosis performance. The research shows that the proposed method has good
accuracy, robustness and deployment feasibility in the intelligent diagnosis scenario of heavy
gas turbine.

Povzetek: Raziskava predlaga metodo velikega modela z LoRA nizko-rang modulacijo za
diagnostiko okvar tezkih plinskih turbin. Model ucinkovito zdruzuje vecvirovne casovne
podatke in dosega visoko natancnost, priklic in F1, ob zmanjSanem stevilu parametrov.

KEYWORDS: heavy-duty gas turbine; Fault diagnosis; LORA low-rank modulation; Large
model

1 Introduction

Heavy-duty gas turbine is the core power equipment in large combined cycle unit and industrial
drive system, and its running state directly affects the power generation efficiency, peak shiller
ability and the safety and stability of the whole system. Due to the long-term high temperature,
high pressure, high speed and strong coupling load environment, there will be a complex
dynamic association between compressor, combustion chamber, turbine and its auxiliary
control unit. Once the performance degradation of local components occurs, it will be gradually
transmitted through the gas path parameters, hot end state and vibration response. It is
manifested as temperature discharge offset, pressure imbalance, efficiency decline and even
unit unplanned shutdown [1-3]. From the perspective of engineering phenomena, many faults
do not appear in the form of mutation, but gradually accumulate in the way of weak anomaly,
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slow drift and multi-variable linkage deviation, which makes fault diagnosis evolve from a
single threshold judgment problem to a typical complex timing pattern recognition problem.

With the continuous improvement of industrial control systems, distributed sensor
networks and unit monitoring platforms, a large number of multi-source data can be collected in
real time during the operation of heavy gas engines, covering multiple dimensions such as
temperature, pressure, flow rate, speed, gas parameters, vibration signals and control
commands [2,4]. This kind of data has obvious characteristics of high dimensionality,
heterogeneity, time correlation and operating condition dependence. It not only contains
equipment health state evolution information, but also contains sensor noise, sampling error
and operation disturbance. For computer modeling, the real difficulty is not only the limited
classification labels, but how to organize the discrete, continuous, strongly correlated and
cross-time scale data into a learnable fault representation, and maintain the generalization
ability and diagnostic stability of the model under complex operating conditions.

The existing research has gradually shifted from the traditional performance diagnosis to
the intelligent analysis framework combining data-driven and mechanism-aided. The method
based on compressor characteristic diagram modification, state observer, tracking filter and
probabilistic graphical model has certain advantages in component performance degradation
analysis, thermal channel fault inference and uncertainty expression [5-8]. However, these
methods usually rely on strong prior mechanism and parameter tuning, and the model
adaptability is still limited when facing multi-fault coupling, nonlinear drift and complex
operating boundaries. In contrast, data-driven methods such as support vector machines,
convolutional neural networks, transfer learning and interpretable convolutional models have
shown better flexibility in complex feature extraction and pattern classification [9-12].
However, most of the existing models are designed around a single task, fixed working
conditions or local features, and the processing of cross-working condition knowledge transfer,
long-term temporal dependency modeling and unified representation of multi-source
information is still insufficient. Especially in the scenarios of class imbalance, small sample
fault and composite anomaly recognition, the model performance fluctuants greatly [13, 14].

From the perspective of the development trend of computer methods, fault diagnosis tasks
are shifting from shallow recognition dominated by traditional feature engineering to deep
intelligent analysis with representation learning, context modeling and efficient parameter
transfer as the core. Transformers and their derived models have shown strong global modeling
ability in natural language processing, visual understanding and time series analysis, which can
capture long-distance dependencies through the self-attention mechanism and construct the
association expression between complex data in a unified encoding space [15-18]. For
heavy-duty gas turbine fault diagnosis, this capability is particularly critical because gas turbine
anomalies are often not triggered by a single measurement point in isolation, but by the
combined deviation of multiple sensing variables formed in different time Windows. If local
convolution or short window statistics are still used for modeling, it is easy to miss the remote
dependence and implicit coupling relationship in the fault evolution process.

However, directly applying the general large model to industrial fault diagnosis will also
face a series of practical constraints at the computer implementation level. On the one hand, the
number of high-quality labeled fault samples in the field of heavy gas turbine is limited, the
distribution of fault categories is uneven, and the problems of sample scarcity and long-tail
distribution are prominent. On the other hand, large model parameters have huge scale, if full
parameter fine-tuning is used, not only the training cost is high, but also the computing power,
video memory and training time requirements are high, and the existing general representation
capabilities may be overcovered, resulting in problems such as low transfer efficiency and
unstable domain adaptation [19]. Therefore, the key to building a large fault diagnosis model in
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industrial scenarios is not only to "use a large model™, but also to solve "how to complete
domain adaptation at a lower cost, how to make the model truly understand the timing
semantics of the equipment, and how to improve the transferability and deployability of the
model under complex working conditions".

LoRA low-rank modulation provides a more practical technical path for this problem. By
introducing a trainable low-rank increment into the key weight matrix of the pre-trained model,
this method converts large-scale parameter update into small-scale structural adaptation, and
can realize task transfer with fewer training parameters and lower computational overhead [19].
Introducing LoRA into the fault diagnosis of heavy gas turbine not only helps to reduce the
training threshold of large models in industrial scenarios, but also helps to retain the general
sequence representation ability and make targeted modulation for the specific distribution of
gas turbine operation data. If multi-source signal coding, fault semantic representation and
feature fusion mechanism are further combined, the model is likely to obtain more stable
performance in condition switching, weak fault recognition and composite anomaly
discrimination.

Based on the above understanding, this paper proposes a large model construction method
for heavy gas turbine fault diagnosis fused with LoRA low-rank modulation. The research idea
is not to stay in the traditional sense of feature classification, but from the perspective of
computer modeling, the multi-source operation data of the heavy-duty gas turbine is organized
as a learnable fault semantic sequence, and the large model is used to realize long-term
dependence modeling and context correlation representation, and then the LoRA low-rank
modulation is used to complete the lightweight domain adaptation. At the same time, the
multi-source operation feature extraction and fusion mechanism is introduced. The ability of
the model to identify complex fault patterns was enhanced. The core issues of this paper include:
how to construct a semantic representation module for gas turbine faults, how to achieve
parameter-efficient diagnosis of large model adaptation, and how to ensure the accuracy of
diagnosis while balancing training efficiency and engineering deployment feasibility. The
related research can provide a new computer method reference for the application of large
model in industrial equipment health management.

2 Operation data and fault characteristics analysis of
heavy-duty gas turbine

2.1 Data source and collection

The training effect of large model for fault diagnosis of heavy gas turbine depends on the
integrity of data source and the stability of acquisition link. The data used in this study mainly
come from the distributed control system of heavy gas turbine units, the online state monitoring
system and the historical operation and maintenance record library, covering the key operating
parameters of compressor, combustion chamber, turbine and its auxiliary control unit. The
collected variables include inlet and exhaust gas temperature, pressure at all levels, speed, gas
flow rate, exhaust temperature distribution, bearing temperature, vibration amplitude, lubric oil
parameters and control command feedback. The types and sampling characteristics of
multi-source monitoring data collected in this paper are shown in Table Il. In order to ensure the
continuity of time series required for subsequent computer modeling, the signals of on-site
sensors of the unit are collected by PLC, remote 1/O station and edge acquisition gateway,
uploaded to the monitoring platform through industrial Ethernet, OPC UA or Modbus
communication protocol, and then written into the timing database and fault event database. A
data acquisition link of "field perception - edge convergence - platform storage™ was formed.
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After the above processing, the data from different sources can be aligned under a unified time
benchmark, which provides a more stable data basis for the subsequent input construction of

large models.

Table 1: Multi source feature dimensions and sampling instructions

Variable Typical Variables Unit Sampling Data Source Module
Category Frequency
Thermal Inlet Temperature, Compressor /
Exhaust Temperature, T/ kPa 1Hz Combustion
Parameters .
Pressure Ratio Chamber
Flow Fuel Gas Flow Rate, Combustion
. . kgls 1Hz Chamber /
Parameters | Lubricating Oil Flow Rate o
Lubrication System
. Rotational Speed, Bearing . Rotor / Bearing /
Mechanical Temperature, Vibration ffmin /°C/ 10 Hz Body Vibration
Parameters . mm/s
Amplitude Sensors
Control Fuel Valve Opening, % / Signal
Commands Regulating Valve Signal Unit 1 Hz Control System

From the sample composition, the operation data of heavy-duty gas turbine have the
characteristics of multivariate, high frequency, strong coupling and obvious dependence on
operating conditions. Different operation stages, such as normal load, start-stop switching,
power up and down and disturbance adjustment, will make the temperature, pressure and
vibration sequence show different change slope and fluctuation rhythm. Once the compressor
efficiency decreases, combustion instability, hot end component deterioration or sensor
anomalies occur, the relevant parameters do not synchronously mutate, but more often show
local offset, slow drift and cross-variable linkage imbalance. For computer diagnosis, this kind
of data is not suitable to be simply regarded as a set of isolated measurement points, but should
be organized as multi-source time series samples with context relations. Based on this
consideration, the original sampling values, sliding time window statistics, alarm logs and
maintenance label information are synchronously retained in the acquisition stage, and are
stored in segments according to the working condition segment, which provides computable
and traceable data input for subsequent fault semantic representation, LORA low-rank
modulation adaptation and multi-source feature fusion. This data organization method not only
retains the original state information of the engineering site, but also enhances the learning
ability of the model for the complex fault evolution process.

2.2 Analysis of operating conditions and fault characteristics

The fault characteristics of heavy-duty gas turbine operation data usually appear gradually with
the change of working conditions, and do not show as a simple single point mutation. From the
perspective of time domain, variables such as inlet and exhaust temperature, pressure ratio,
speed, vibration amplitude and exhaust temperature dispersion can directly reflect the dynamic
state of the unit under different loads. In normal operation, most parameters fluctuate smoothly
around a given interval, and the mean, variance and peak values change in an orderly manner.
When the compressor efficiency decreases, the combustion deviation increases, or the hot end
components deteriorate, the relevant series will show local uplift, fluctuation expansion, and
short-time spike increase. This kind of change often does not appear in isolation, but multiple
measurement points are synchronized offset, so it has strong linkage. The key operating
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parameters and fault response characteristics of heavy gas turbine under typical working
conditions are shown in Figure 1.

Normal Operation Zone d Incipient Fault Zone l Severe Fault Zone

Normalized
Amplitude

Time

= Exhaust Temperature = Pressure Ratio w——\/ibration Amplitude

Figure 1. Schematic diagram of typical operation parameters and fault response
characteristics of heavy-duty gas turbine

From the frequency domain characteristics, vibration signals and periodic thermal
parameters often contain more detailed fault information. Problems such as bearing wear, rotor
imbalance, and blade damage can cause energy concentration or amplitude enhancement in
specific frequency bands, so that the fault modes show distinguishable response differences in
the spectral space. Compared with simply observing the original waveform, frequency domain
analysis is more conducive to identifying weak anomalies masked by time-domain fluctuations,
and it is also convenient for subsequent computer models to extract stable fault discriminant
features. For large models, this composite representation composed of time domain and
frequency domain is helpful to improve the identification ability of complex fault modes. At the
same time, the data of heavy gas turbine also has obvious non-stationary and nonlinear
characteristics. The parameter distribution will drift with time when the unit starts and stops,
the load lifting and lowering, the fuel disturbance and the control command adjustment. There
are complex coupling between different variables, and temperature, pressure, flow and
vibration are not simple linear correspondences. The traditional linear analysis method is
difficult to completely describe the anomaly evolution process that is transmitted across time
scales and components. Therefore, this paper introduces fault semantic representation, LoORA
low-rank modulation and multi-source feature fusion mechanism in the subsequent modeling,
so that the model can not only see the parameter changes, but also recognize the structural
relationship and fault meaning behind the changes.

2.3 Data preprocessing and sample construction

The operation data of heavy-duty gas turbine need to be carefully preprocessed before entering
into the large fault diagnosis model. The signal collected in the field is affected by sensor drift,
communication jitter and working condition disturbance, and the original sequence often
contains abnormal spikes, random noise and local distortion. In this regard, this paper combines
threshold discrimination and sliding window statistical method to identify outliers, and uses the
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combination of sliding mean filtering and median smoothing to suppress high-frequency noise,
try to retain the real change trend of key variables such as temperature, pressure and vibration,
so that the data is closer to the actual operation state of the unit.

Because different monitoring parameters have obvious differences in dimension, value
range and fluctuation range, it is easy to cause feature weight imbalance and affect the training
convergence effect if they are directly input into the model. In order to enhance the unified
representation ability of the computer model for the multivariate series, the continuous
monitoring variables are standardized, and the data of different scales are mapped to a
comparable numerical space, while preserving the relative fluctuation relationship between the
variables. In this way, the model will not cover up other weak fault information due to a single
high-magnitude variable when performing timing coding and feature fusion.

For the missing values in the running data, this paper adopts a differentiated treatment
strategy according to the length of the missing interval and the change characteristics of the
variable. Linear interpolation and neighborhood completion are used to restore the continuity of
the sequence for short-term misses, and long-term misses or key label gaps are directly
removed to avoid introducing false patterns. After cleaning, the sample segments are
constructed according to the fixed time window and sliding step, and the fault labels are
generated by combining the alarm records, maintenance logs and expert annotations to form a
time series sample set that can be used for LORA low-rank modulation and large model training.
Such a sample construction method not only improves the data availability, but also provides a
clearer input basis for the subsequent fault semantic representation.

3 Large model construction method for fault diagnosis of
heavy-duty gas turbine based on LoRA low-rank
modulation

3.1 Overall framework of the algorithm

The large model of heavy gas turbine fault diagnosis fused with LoRA low-rank modulation is
oriented to complex fault recognition tasks under the condition of multi-source monitoring data.
The core idea is not to statically classify a single measurement point, but to construct a
continuous computing link around "data organization, semantic representation, efficient
parameter adaptation, feature fusion, fault output”. The overall framework of the model is
shown in Figure 2, which is mainly composed of the input and preprocessing layer, the fault
semantic representation module, the LoRA low-rank modulation adaptation module, the
multi-source operation feature extraction and fusion module, and the fault diagnosis output
module. After the operation data of the heavy-duty gas turbine enters the system, the
temperature, pressure, flow rate, speed, vibration and control command sequences are first time
aligned, window segmented and standardized mapped, and then organized into time series
samples that can be processed by the large model.
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Figure 2: Overall framework of large model for fault diagnosis of heavy-duty gas turbine
fused with LoRA low-rank modulation

The fault semantic representation module is responsible for transforming the original
numerical sequence into a high-dimensional representation with context relations, so that the
model can not only see the amplitude changes of variables, but also identify the linkage
structure between parameters and abnormal evolution trajectories. The LoRA low-rank
modulation adaptation module is embedded in the key linear layer of the large model, and the
lightweight parameter update is completed by introducing a low-rank incremental matrix,
which makes the pre-trained model adapt to the heavy-duty gas turbine fault scenario faster
without significantly increasing the training overhead. This design is more suitable for small
samples, long sequences and multi-condition tasks, and also helps to alleviate the video
memory pressure and the risk of overfitting caused by full parameter fine-tuning.

The multi-source running feature extraction and fusion module takes the role of
cross-variable information integration. On the one hand, it retains the characteristics of time
domain fluctuation, frequency domain response and working condition. On the other hand, it
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combines the semantic coding results for weighted fusion, so that the information from
different sources such as vibration anomaly, temperature displacement and pressure ratio
change can be associated in a unified feature space. The fused features are sent to the fault
diagnosis output module to complete the fault category discrimination, abnormal state
recognition and health status scoring. On the whole, the framework takes into account the
representation ability of large models and the parameter efficiency of LoRA, which not only
highlights the learning advantages of computer models for long time series dependencies, but
also retains the engineering characteristics of multivariate coupling in the operation mechanism
of heavy gas turbine.

3.2 Fault semantic representation module of heavy-duty gas turbine

The task of the fault semantic representation module of heavy-duty gas turbine is not to simply
retain the original monitoring values, but to encode multi-source operating signals such as
temperature, pressure, flow, speed, vibration and control feedback into contextual temporal
semantic representations. For heavy gas turbine, many early faults are not manifested as single
variable mutation, but as the linkage imbalance between exhaust temperature offset, pressure
ratio fluctuation, vibration enhancement and control quantity compensation. If the isolated
feature input method is still used, the model is easy to learn only local numerical differences,
and it is difficult to grasp the structural information in the fault evolution. Based on this
consideration, the multivariate samples within the sliding time window are denoted as in this

paper
X = [X1,Xp, 0, X7], X € RY (D

Here, T is the time step length and d is the feature dimension at a single instant. After linear
mapping, we obtain the query vector, key vector, and value vector:

Q=XWy K=XW, V=XW (2)

where, Wq,Wx and Wy are trainable parameter matrices. Then the self-attention mechanism

is used to calculate the correlation strength between different moments and different variables
within the sequence:

. <QKT>
Attention(Q, K, V) = Softmax | — 3)

N

Here, dy is the key vector dimension. The calculation process can describe the
long-distance dependence in a unified representation space, so that the model not only focuses
on the current sampling point, but also understands the context of the anomaly formation by
combining the previous and previous states. The fault semantic representation process of heavy
gas turbine is shown in Figure 3.
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Figure 3: Schematic Diagram of Semantic Characterization Process for Heavy-duty Gas
Turbine Failures

In the specific implementation, this paper embeds data from different sources of the
heavy-duty gas turbine into the same feature space, and superimposes time position encoding
and operating condition identification encoding to form an input representation that combines
numerical information, time sequence, and operational scenario information. After this
processing, the model can distinguish the semantic differences between "the same temperature
fluctuation occurring during the steady-state full-load stage™ and "occurring during the load-up
transition stage". For the hidden state H = [hy, h,, ..., ht] after attention aggregation, residual
connections and layer normalization are introduced to obtain an enhanced representation:

Z =LN(H + X) 4)

The resulting Z is no longer merely the compressed result of the original signal; instead, it
incorporates cross-variable correlations, temporal dependencies, and operational background
information, representing the fault semantic features. The output of this module will be directly
sent to the subsequent LoRA low-rank modulation adaptation layer to complete the lightweight
domain transfer for the task of heavy-duty gas turbine fault diagnosis. As a result, the large
model can accurately identify complex fault patterns such as compressor degradation,
combustion anomalies, and deterioration of thermal end components with fewer parameter
updates.

3.3 LoRA Low-Rank Modulation Adaptation Module

The setting of the LoRA low-rank modulation adaptation module is not merely aimed at
compressing the training parameters; its more significant purpose is to enable the pre-trained
large model to adapt specifically to the fault scenarios of heavy-duty gas turbines at a lower cost.
Heavy-duty gas turbine operation data has characteristics such as long time series, multiple
variables, small samples, and uneven class distribution. If the large model is directly subjected
to full parameter fine-tuning, it will not only result in high memory usage and training costs, but
also easily cause the original general representation ability of the model to be overly covered,
leading to unstable transfer, fluctuating convergence, and local overfitting problems. Based on
this consideration, this paper introduces the LoRA structure into the key linear layers of the
large model, restricting the weight update to the low-rank subspace, thereby transforming the
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process of injecting domain knowledge from "massive overall rewriting” to “small-scale
targeted correction”.

Let the original weights of the pre-trained linear mapping layer be W, € R¥X, and the
conventional transformation of the input feature x can be written as

y =xWp (5)

LoRA does not directly update W,,. Instead, it freezes the original parameters and only
learns a low-rank incremental matrix AW, whose expression form is

AW = BA,B € R¥T, A € R™K, r « min(d, k) (6)

Thus, the adapted output can be expressed as
(04
y = xW, + FXBA (7)

Among them, r represents the low-rank dimension, and a is the scaling coefficient, which is
used to control the modulation intensity of the incremental branches on the main output. This
processing method retains the main knowledge structure of the original model while
compressing the number of trainable parameters to a lower level, making it more suitable for
industrial scenarios such as heavy-duty gas turbines where the annotation cost is high and the
number of real fault samples is limited.

Considering that the task of this paper is not only a general time series classification but also
involves abnormal identification under the condition of working condition switching, the
standard LoRA still needs to be further adapted to the data characteristics of gas turbines.
Therefore, this paper adds a condition-aware modulation mechanism to the low-rank update
branch, encoding the load level, environmental temperature, control mode, and key operating
states into a condition vector c, and generating the modulation coefficient y through a gating
function:

Yy = o(Wcc +be) 8

Among them, o(+) is the Sigmoid function. The modulated low-rank update term is written
asyo %xBA. This means that the same set of low-rank parameters do not have the same

amplitude effect under different operating conditions; instead, their contribution ratios are
dynamically adjusted according to the operating background. The significance of this
processing lies in that the model can distinguish the differences between "slight temperature
fluctuations under steady-state full-load conditions” and "abnormal temperature rise during
load increase™, thereby reducing the interference of operating condition drift on fault judgment.

In terms of structure deployment, this paper embeds LoRA low-rank modulation
preferentially in the query mapping layer, key mapping layer, value mapping layer of the
self-attention module, as well as the core linear transformation layer of the feedforward
network. The former is responsible for establishing long-term temporal dependencies and
cross-variable correlations, while the latter undertakes the task of nonlinear feature
reorganization, integrating both into the adaptation scope. This can improve the model's
perception ability for various fault modes such as temperature dispersion, pressure ratio
deviation, vibration enhancement, and control compensation anomalies without significantly
increasing training complexity. During training, the backbone parameters are frozen, and only
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the low-rank matrix, modulation parameters, and classification head are updated, thereby
reducing the backpropagation overhead and shortening the model convergence time.

From the perspective of computer implementation, this module has both parameter
efficiency and deployment friendliness. On the one hand, low-rank decomposition significantly
reduces the scale of trainable parameters, alleviating the problem of GPU memory limitations
in industrial scenarios; on the other hand, the modulation branch only introduces additional
computation on the local linear layer, without significantly disrupting the original model's
inference process, making it convenient for subsequent migration deployment on edge servers
or unit monitoring platforms. For the fault diagnosis large model constructed in this paper,
LoRA low-rank modulation is not an ancillary technique but a key bridge connecting "general
pre-training ability” and "heavy-duty gas turbine domain knowledge". Through this module,
the model can complete more robust domain adaptation under limited samples and complex
operating conditions, laying the foundation for subsequent multi-source feature fusion and fault
classification output.

3.4 Multi-source Operating Feature Extraction and Fusion

The setting of the multi-source operating feature extraction and fusion module aims to gather
the fault information scattered at different measurement points, with different sampling
frequencies and on different physical levels, into a unified representation space during the
operation of the heavy-duty gas turbine. For such large rotating thermal equipment, the
degradation of compressor efficiency, unstable combustion, deterioration of thermal end
components, and abnormal rotor vibration often do not manifest along a single path but are
simultaneously projected onto multiple variables such as temperature, pressure, flow rate,
discrete temperature deviation, vibration response, and control compensation. If the model
relies only on a single sequence feature, it is prone to misjudge the operational disturbances as
fault signals and is difficult to identify the transmission relationship of weak anomalies between
different variables. Therefore, after LORA low-rank modulation adaptation, this paper
introduces a multi-branch feature extraction and dynamic fusion mechanism to jointly model
the time-domain information, frequency-domain information, and operational context
information to enhance the discriminative stability of the fault diagnosis large model.

During the feature extraction stage, this paper divides the input samples into three types of
information sources: one is the time-domain feature X(® composed of the original operating
sequence, which mainly describes the fluctuation trend, mutation positions, and local drift of
the variables over time; another is the frequency-domain feature X® obtained from the Fast
Fourier Transform and sliding spectral analysis, used to capture the frequency band responses
in vibration, temperature deviation fluctuations, and periodic disturbances; and the third is the
operational feature X(© encoded by the load level, start-stop stage, control mode, and
environmental conditions, reflecting the operating background of the sample. These three types
of features are sent to independent mapping networks respectively, and the corresponding latent
vector representations are obtained:

HO = ¢(X®), HO =¢e(XD), HO = . (X) %)

Among them, ¢.(-), de(+) and ¢.(-) respectively represent the time-domain encoder,
frequency-domain encoder and operating condition encoder. This branch-based processing
approach can prevent different source features from being masked from each other during the
early mixing stage, and is more in line with the hierarchical extraction rules of heterogeneous
data by the computer model.
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Based on this, this paper does not adopt the direct classification method after fixed
proportion concatenation, but introduces a state-aware gated mechanism to achieve dynamic
fusion. Let the semantic features output by the previous fault semantic representation module
be H®), and the preliminary aggregation representation of multi-source features be H™ =
[H®; HO; H©], According to the current sample's operating state, the model calculates the
gated vector g:

g = o(W,[H®; H™] + by,) (10)

Among them, o(-) represents the Sigmoid activation function, and W, and b, are
trainable parameters. Subsequently, the fused feature representation is obtained:

H® =g OH® + (1 -g) © W,H™ (11)

In this formula, © represents weighted by elements, and Wy, is the dimension mapping
matrix. The key of this mechanism does not lie in "summing up the features", but in "deciding
which type of features should be emphasized based on the current operating condition™. For
example, under steady-state full-load conditions, the correlation between exhaust temperature
dispersion and thermal end deterioration is stronger. The model will increase the weights of
semantic features and thermal engineering variable features; during the load increase or fuel
switching stage, the control quantity and dynamic response are more likely to dominate the
fusion result, and the fixed weight method is often not reliable in this case.

To verify the effectiveness of the fusion strategy, this paper simultaneously examines two
benchmark methods in model design: series fusion and static weighted fusion. Series fusion
directly concatenates [H®); H®; HO; H] and inputs it into the fully connected layer to
complete the mapping. Although it retains most of the information, the dimension increases
significantly, and it is prone to introducing redundant features; static weighted fusion completes
the linear combination with preset coefficients, and the calculation is simple, but it is difficult to
adapt to the rapid switching of heavy-duty gas turbine operating conditions, causing
distribution drift. In contrast, the dynamic gated fusion adopted in this paper can automatically
learn the contribution ratio of different information sources during training, enabling the model
to have better adaptive ability when facing weak faults, small samples, and composite
anomalies. From the perspective of model implementation, this design takes into account both
expression ability and computational efficiency. On the one hand, it retains the learning
advantage of sequential large models for context relationships; on the other hand, through
structured fusion, it reduces the interference of invalid features and provides more
discriminative input for the subsequent fault classification head. Thus, the multi-source
operating feature extraction and fusion module not only performs the function of information
integration but also becomes an important intermediate layer connecting semantic modeling
and final diagnostic output.

3.5 Construction of the Fault Diagnosis Large Model

After completing the fault semantic representation, LORA low-rank modulation adaptation, and
multi-source operation feature extraction and fusion, it is necessary to further map the fused
features into distinguishable fault state outputs. This paper adopts the construction method of
"pre-trained temporal backbone network + lightweight diagnostic task head” to combine the
context modeling ability of the large model with the fault classification task. Let the output
features of the fusion module be H® € RT*4, and after global pooling, the sample-level
representation vector z is obtained, and its calculation form is
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z = Pool(H(®) (12)

Among them, Pool(-) represents the time-dimensional aggregation operation, which is
used to compress the key information in the long sequence and retain the overall fault
characteristics. This vector is then input into the diagnostic head composed of fully connected
layers to complete the mapping of fault categories:

§ = Softmax(W, GELU(Wy,z + by,) + b,) (13)

In the formula, W;,, and W, are weight matrices, by, and b, are bias terms, and ¥
represents the probability distribution of each fault category. Compared with directly using a
single-layer linear classifier, this shallow task head can re-organize the fused features while
keeping the computational cost controllable, thereby improving the ability to distinguish
patterns such as compressor degradation, combustion anomaly, hot-end deterioration, and
vibration faults.

Considering that there is a class imbalance phenomenon in the fault samples of heavy-duty
gas turbines, the number of normal operating condition samples is usually significantly greater
than that of abnormal samples. In the training stage, this paper adopts weighted cross-entropy
as the objective function:

C
L==) wylogy, (14)
i=1

Among them, C represents the number of fault categories, y; represents the true label, and
w; represents the category weight. This processing method can appropriately reduce the
contribution of small sample fault categories in the training process, alleviating the problem of
the model being biased towards the majority class. At the same time, adding Dropout and layer
normalization in the task head helps to alleviate the overfitting risk under the condition of small
samples and enhances the output stability.

From the perspective of computer implementation, the fault diagnosis large model
constructed in this paper is not simply stacking complex networks, but on the basis of
maintaining the expression ability of the main model, it achieves efficient parameter transfer
through LoRA low-rank modulation, and then uses the lightweight task head to complete the
final classification. Such a structure takes into account training efficiency, inference speed and
engineering deployability, and is more suitable for online monitoring and intelligent diagnosis
scenarios of heavy-duty gas turbines. Overall, this model realizes a complete computational
closed loop from input of multi-source operation data to output of fault categories, providing a
unified model basis for subsequent experimental simulation and performance verification.

4 Experimental Simulation and Result Analysis

4.1 Experimental Environment and Dataset

To verify the applicability of the large model integrating LoRA low-rank modulation for
heavy-duty gas turbine fault diagnosis under complex operating conditions, this paper
completed model training and simulation analysis on a high-performance computing platform.
The related experimental environment and dataset are presented in Table 1. The hardware
environment is configured with multi-core server-level CPU, NVIDIA A100 GPU, and
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large-capacity memory to support tasks such as long-time series sample loading, attention
calculation, and low-rank modulation parameter update. The software environment uses
Ubuntu 20.04 operating system, with Python 3.10 as the programming language, and PyTorch
2.1 as the deep learning framework, combined with CUDA and cuDNN for parallel
acceleration. Considering that the model in this paper includes multiple computing steps such
as time series encoding, LORA adaptation, and multi-source feature fusion, during the training
process, the AdamW optimizer is adopted, with a batch size of 64, an initial learning rate of
1x10—4, and the learning rate is dynamically adjusted using the cosine annealing strategy to
ensure a relatively stable convergence process.

The experimental data comes from a long-term operation monitoring platform and
historical maintenance database of a certain type of heavy-duty gas turbine, with a time span
from January 2021 to December 2024. The data content covers key operating parameters of the
compressor, combustion chamber, turbine, and auxiliary control system, including intake and
exhaust temperatures, pressure levels at each stage, rotational speed, gas flow rate, temperature
dispersion of exhaust, vibration amplitude, lubricating oil state quantity, and control command
feedback. The original data is cleaned, aligned, standardized, and segmented into sliding
windows before being constructed into a unified time series sample set. To enhance the
adaptability of the computer model to real industrial scenarios, multiple types of operating
conditions such as steady-state operation, load variation, start-stop transition, and disturbance
response are retained in the samples. The dataset is divided into training set, validation set, and
test set in a ratio of 7:2:1. The fault categories include compressor degradation, combustion
anomaly, heat-end component deterioration, vibration anomaly, and sensor anomaly. As shown
in Table 2, the proportion of normal operating condition samples is relatively high, while the
distribution of various fault samples is not balanced. To balance the characteristics of industrial
data and the requirements of model training, this paper moderately retains fault samples during
sample construction, ensuring that the dataset reflects the class imbalance characteristics in
on-site operation and also meets the requirements for conducting comparative experiments.

Table 2: Overview of Experimental Environment and Dataset

Iltem Configuration / Description
CPU Intel Xeon Gold 6330, Multi-core Processor
GPU NVIDIAA100 80GB
Memory 256GB
Operating System Ubuntu 20.04
Programming Language Python 3.10
Deep Learning Framework PyTorch 2.1
CUDA/cuDNN CUDA 12.1, cuDNN 8.9
Optimizer AdamW
Batch Size 64
Initial Learning Rate (1\times107{-4})
Data Time Range January 2021 — December 2024
Total Number of Samples 96,000
Normal Samples 57,600
Compressor Degradation Samples 11,520
Combustion Anomaly Samples 9,600
Hot-End Component Degradation Samples 8,640
Vibration Anomaly Samples 5,760
Sensor Anomaly Samples 2,880
. Training Set: 67,200; Validation Set: 19,200;
Dataset Split Test Set: 9,600
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4.2  Evaluation Indicators Setting

To comprehensively assess the performance of the large model for fault diagnosis of
heavy-duty gas turbines that incorporates LoRA low-rank modulation, this paper sets
evaluation indicators from two aspects: diagnostic accuracy and computational cost. In the
evaluation of fault diagnosis results, accuracy, recall rate, and macro-average F1 value are
selected as the core indicators. Accuracy is used to measure the overall discriminative ability of
the model for all samples, precision reflects the proportion of samples correctly identified as a
certain type of fault among those actually classified as such, recall rate indicates the degree of
model's adequate recognition of real fault samples, and F1 value comprehensively considers
precision and recall, making it more suitable for evaluating classification performance under
conditions of unbalanced class distribution. Considering that normal samples of heavy-duty gas
turbines are usually significantly more than fault samples, this paper also calculates
macro-average F1 to weaken the masking effect of the majority class on the results.

In addition to classification indicators, this paper also focuses on the computational
efficiency of the model. In view of the characteristics of LORA low-rank modulation, the
number of trainable parameters and inference latency are additionally recorded to compare the
differences in computational costs of different models beyond diagnostic accuracy. The reason
for this setting is that online fault diagnosis of heavy-duty gas turbines not only requires reliable
identification results but also requires the model to have good training efficiency and
deployment feasibility. Through these indicators, this method can be evaluated more
objectively from both the result performance and engineering application perspectives.

4.3  Model Selection for Comparison

To verify the effectiveness of the method proposed in this paper in the fault diagnosis task of
heavy-duty gas turbines, the experiments selected comparison objects from three levels:
traditional machine learning models, typical deep learning models, and parameter-efficient
transfer models. The traditional models used were Support Vector Machine and Decision Tree.
The Support Vector Machine is suitable for handling nonlinear classification problems with
small to medium-sized samples and can learn the mapping relationship between temperature,
pressure, vibration and fault categories; the Decision Tree has a relatively intuitive structure
and can be used to observe the basic discriminative ability under multi-variable conditions.

In the deep learning and time series modeling models, CNN, LSTM and standard
Transformer were selected as the comparison methods. CNN focuses on extracting local
patterns and is suitable for identifying abnormal fluctuations within short windows; LSTM can
handle the dependencies in time series and has a certain ability to depict the evolution of
operating conditions; the standard Transformer emphasizes long-term sequence correlation
modeling and can be used as a direct reference for the large model framework of this paper. In
addition, this paper also set up a "full parameter fine-tuning model without introducing LoRA"
as an ablation comparison to test the actual effect of low-rank modulation on parameter
efficiency, training cost and diagnostic performance. Such a comparison setting can
comprehensively reflect the differences of different computer models in the complex fault
identification of heavy-duty gas turbines.

4.4  Experimental Results Presentation and Analysis

The fault diagnosis results of different models on the test set are shown in Table 3. Overall, the
large model for heavy-duty gas turbine fault diagnosis proposed in this paper, which integrates
LoRA low-rank modulation, achieved the best results in all main evaluation indicators.
Specifically, the model accuracy reached 96.8%, which was 2.6 percentage points higher than
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that of the standard Transformer (94.2%) and 5.5 percentage points higher than that of LSTM
(91.3%). The recall rate reached 95.1%, which was 0.9 percentage points higher than that of the
full-parameter fine-tuning large model (94.2%). This indicates that the method proposed in this
paper has a more comprehensive coverage of real fault samples and a reduced rate of missed
diagnoses. The macro-average F1 value reached 95.7%, which was 7.6, 5.7, and 2.6 percentage
points higher than CNN, LSTM, and Transformer respectively. This shows that the model can
maintain a relatively balanced classification performance under the condition of imbalanced
class distribution. In terms of computational cost, the trainable parameters of this model are
9.6M, which is significantly lower than the 88.4M of the full-parameter fine-tuning large model.
The parameter scale is approximately compressed by 89.1%. During inference, the latency is
11.2 ms/sample, which is slightly higher than traditional SVM and decision trees, but lower
than that of the standard Transformer (14.1 ms/sample) and the full-parameter fine-tuning large
model (13.8 ms/sample). This indicates that LORA low-rank modulation does not sacrifice
efficiency for accuracy; instead, it achieves a better balance between parameter efficiency and
diagnostic performance.

Table 3: Comparison of Fault Diagnosis Results of Different Models

Model Accuracy | Recall | Macro-F1 Trainable Inference Latency
| % | % | % Parameters / M / ms-sample™!
SVM 83.6 79.8 80.9 — 5.4
DT 81.9 78.6 79.7 — 3.8
CNN 89.7 87.4 88.1 6.2 8.7
LSTM 91.3 89.1 90.0 8.5 10.6
Transformer 94.2 92.7 93.1 31.4 14.1
Fully Fine-Tuned | ¢ 94.2 94.8 88.4 13.8
Large Model

Proposed Model 96.8 95.1 95.7 9.6 11.2

From the experimental results of different sample sizes, it can be seen that the model
accuracy increases overall as the training data increases. The specific changes are shown in
Figure 4. When the sample size is 12,000, the accuracy of the model in this paper has reached
86.1%, which is higher than 83.5% of Transformer and 79.8% of LSTM. When the sample size
increases to 36,000, the accuracy of the model in this paper rises to 93.1%, which is 7.0
percentage points higher than the initial stage, while Transformer and LSTM increase to 90.1%
and 87.0% respectively. When the sample size reaches 48,000, the model in this paper has
reached 95.0%, and then rises to 96.2% at 60,000 and 72,000 sample conditions, with the
increase rate gradually slowing down. In contrast, Transformer is 94.2% at 72,000 samples, and
LSTM is 91.3%. Both still show a continuous dependence on larger sample sizes. Thus, the
model in this paper has already demonstrated stable fault representation capabilities at the
medium-sized data stage. This is because the fault semantic representation module improves
the efficiency of feature organization, LORA low-rank modulation reduces the parameter
update cost required for domain adaptation, and multi-source feature fusion enhances the
density of effective information, enabling the model to form clearer classification boundaries
even with relatively limited samples.
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Figure 4: Changes in model accuracy under different sample sizes

The variations of macro average F1 under different operating conditions are shown in
Figure 5. Under the steady-state full-load condition, the macro average F1 of the model in this
paper is 96.0%, which is 2.5 percentage points higher than that of Transformer (93.5%) and 5.2
percentage points higher than that of LSTM (90.8%). During the transition stages of load
increase and decrease, the model in this paper reaches 95.2% and 94.8% respectively,
remaining at a relatively high level, while Transformer drops to 92.6% and 91.9%, and LSTM
further decreases to 88.9% and 88.1%. In the more complex dynamic scenario of start-stop
transient, the macro average F1 of this model is 93.9%, which is 2.1 percentage points lower
than the steady-state condition, but still significantly higher than that of Transformer (89.8%)
and LSTM (85.4%). When sensor noise interference and missing data perturbations are
introduced, the macro average F1 of this model is 92.8% and 91.7% respectively, which is 3.2
and 4.3 percentage points lower than the steady-state full-load condition; corresponding to
Transformer, it drops to 87.1% and 85.6%, and LSTM falls to 82.6% and 80.9%. This indicates
that the model still has good robustness under conditions of noise pollution, data drift, and local
missing data. The reason is that the fault semantic representation module can retain the context
relationship of abnormal evolution, LORA modulation enables the model to form parameter
responses closer to the characteristic distribution of the gas turbine under different operating
conditions, and the multi-source fusion mechanism reduces the misjudgment risk caused by the
distortion of a single variable.
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Figure 5: Changes in the macro average F1 value of the model under different operating
conditions

From Table 3, Figure 4 and Figure 5, it can be seen that the advantages of the method
proposed in this paper are not only reflected in higher single-test accuracy, but also in stronger
adaptability to changes in sample size and disturbances in operating conditions. For industrial
systems such as heavy-duty gas turbines with complex operating boundaries and long abnormal
propagation chains, this model structure that takes into account both accuracy, parameter
efficiency and robustness is closer to the actual requirements of online diagnosis scenarios.

5 Conclusion

This paper addresses the practical issues in the fault diagnosis of heavy-duty gas turbines, such
as strong coupling of multi-source data, rapid changes in operating conditions, scarcity of fault
samples, and high training costs of traditional deep models. A fault diagnosis large model
integrating LORA low-rank modulation was constructed. The research was conducted from
aspects such as data collection during operation, fault semantic representation, multi-source
feature extraction and fusion, and low-rank modulation adaptation, forming a complete
computational framework for complex time-series data of heavy-duty gas turbines.
Experimental results show that the model in the test set achieves an accuracy of 96.8%, a recall
rate of 95.1%, and a macro-average F1 value of 95.7%, outperforming the comparison models
such as SVM, decision tree, CNN, LSTM, and standard Transformer. At the same time, while
improving the diagnostic performance, the trainable parameter quantity has been reduced from
88.4M in the full-parameter fine-tuning model to 9.6M, significantly compressing the
parameter update scale, indicating that LoRA low-rank modulation can improve the domain
adaptation efficiency and engineering deployment feasibility of heavy-duty gas turbine
scenarios while retaining the time-series representation ability of the large model. The research
also shows that this method maintains good stability under conditions such as start-stop
transient, noise interference, and missing data perturbation, but still has issues such as high
computational cost and the need for further enhancement of generalization ability in extreme
operating condition switching, cross-unit migration, and long-term continuous monitoring
scenarios. Future work can combine model pruning, quantization compression, and

18



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

cross-domain transfer learning methods to optimize the diagnostic large model for
lightweighting, and introduce more abundant mechanism constraints and online incremental
update mechanisms to further enhance the generalization ability and real-time application level
of the model in different models and different operating boundaries.
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