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ABSTRACT

To address the issues of incomplete condition information in single-sensor monitoring, the disconnection between fault 

diagnosis and remaining useful life (RUL) prediction, and the insufficient utilization of multisource data in rotating 

machinery under complex operating conditions, this paper proposes a multisensor data fusion method for fault diagnosis 

and RUL prediction of rotating machinery. First, multisource monitoring signals are uniformly preprocessed and organized 

into samples, and sensor-specific feature extraction modules are employed to learn local condition features from different 

sensor channels. Then, an adaptive multisensor fusion module is designed to dynamically weight and effectively integrate 

multisource information, thereby constructing a shared health representation that characterizes the machinery health 

evolution process. Based on this representation, a dual-task joint learning framework for fault diagnosis and RUL 

prediction is further established to collaboratively optimize current fault-state recognition and future degradation trend 

modeling. Experimental results demonstrate that the proposed method outperforms single-sensor methods, simple fea

ture concatenation methods, and representative deep learning baselines in terms of diagnostic accuracy, RUL prediction 

error, and robustness under noisy environments. Ablation studies further verify the effectiveness of multisensor input, 

adaptive fusion strategy, and dual-task joint learning in improving the overall model performance. The results indicate 

that the proposed method can provide a more comprehensive characterization of rotating machinery health conditions 

and offers effective technical support for predictive maintenance and intelligent operation.
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INTRODUCTION

Rotating machinery is a fundamental component in modern industrial systems and is widely used in aero

space, rail transportation, energy production, and intelligent manufacturing [1, 2]. Its operating condition 

is closely associated with the safety, reliability, and economic efficiency of the overall system. In practical 
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applications, rotating machinery often operates under high speed, heavy load, and complex working condi

tions for extended periods, during which critical components such as bearings, gears, and rotors inevitably 

undergo performance degradation and may eventually develop faults or fail completely [3, 4]. Therefore, 

accurate condition identification, timely fault diagnosis, and reliable remaining useful life (RUL) prediction 

have become essential tasks in the fields of prognostics and health management and predictive maintenance 

[5, 6]. Conventional condition monitoring methods are mainly based on single-sensor signals. However, due 

to the nonlinear, nonstationary, and weakly manifested characteristics of fault-related information in rotating 

machinery, a single sensor is often insufficient to fully characterize the complex health evolution process, 

which limits the accuracy and robustness of both fault diagnosis and life prediction [7, 8].

In recent years, with the rapid development of intelligent sensing, signal processing, and deep learning 

techniques, multisensor data fusion has emerged as a promising solution for intelligent health monitoring of 

rotating machinery [9]. By collecting operational information from different locations, modalities, and physical 

mechanisms, multisensor monitoring provides richer and more complementary data for fault identification 

and degradation modeling [10]. Existing studies have demonstrated that multisensor fusion can effectively 

improve diagnostic accuracy, enhance noise immunity, and increase adaptability under complex operating 

conditions. Nevertheless, several challenges remain. On the one hand, many existing methods rely on 

straightforward data concatenation or feature stacking, without sufficiently exploring the intrinsic correlations 

and complementary relationships among different sensors. On the other hand, fault diagnosis and RUL 

prediction are still commonly treated as two separate tasks, lacking a unified health representation framework 

that can jointly support state discrimination and degradation trend modeling. In addition, the generalization 

capability and stability of current methods under noise interference, varying operating conditions, and sensor 

inconsistency still require further improvement [11].

To address these issues, this paper proposes a multisensor data fusion method for fault diagnosis and 

remaining useful life prediction of rotating machinery. First, a unified preprocessing and sample construction 

strategy is developed for multisource monitoring signals, and sensor-specific feature extraction modules are 

employed to learn local condition information from each sensor channel. Then, an adaptive multisensor fusion 

module is designed to effectively integrate complementary information from different sensors and generate a 

shared health representation that characterizes the underlying degradation trajectory of the machinery. Based 

on this shared representation, a joint framework for fault diagnosis and RUL prediction is further constructed, 
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where classification and regression tasks are collaboratively optimized to achieve unified modeling of the 

current fault state and future degradation trend. Experimental results on representative rotating machinery 

datasets demonstrate that the proposed method achieves competitive performance in diagnostic accuracy, 

RUL prediction error, and model robustness, indicating its potential for practical intelligent health manage

ment of rotating machinery.

PROBLEM FORMULATION AND PRELIMINARIES

Health Degradation Process of Rotating Machinery

During long-term operation, key components of rotating machinery are continuously subjected to alternating 

loads, frictional wear, lubrication degradation, impact vibration, and environmental disturbances, which 

gradually degrade their performance and may eventually lead to explicit faults or even functional failure. This 

process usually evolves from a normal state to an incipient degradation state, then to a detectable fault state, 

and finally to a severe failure state. Such a degradation trajectory exhibits strong stage-wise characteristics, 

nonlinearity, and time-varying behavior [12]. For typical components such as bearings, gears, and rotors, 

the early stage of degradation is often characterized by weak and localized abnormal signatures. As damage 

accumulates, fault-related features become increasingly pronounced and can be observed more clearly in 

the time domain, frequency domain, and time-frequency domain. Therefore, the health condition of rotating 

machinery should not be regarded as a static discrete label, but rather as a dynamic evolution process that 

changes continuously over time.

From the perspective of machinery health management, fault diagnosis and remaining useful life (RUL) 

prediction correspond to two different yet closely related tasks within the health degradation process. Fault 

diagnosis aims to identify the current health condition or fault type of the machinery based on present 

monitoring data, with emphasis on accurate recognition of the current state. In contrast, RUL prediction 

estimates the remaining operational time from the current moment to the failure point according to historical 

observations and degradation trends, thereby focusing on continuous inference of the future state. Although 

these two tasks are generally formulated as classification and regression problems, respectively, they both 

fundamentally rely on an accurate characterization of the machinery health evolution pattern. Therefore, from 

the viewpoint of unified health state modeling, integrating fault diagnosis and RUL prediction into a common 

analytical framework is beneficial for comprehensively describing the entire process from early degradation 

to final failure.
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Multisensor Monitoring Mechanism

To accurately characterize the complex operating conditions of rotating machinery, relying solely on a single 

sensor type or a single sensor location is often insufficient [13]. Different sensors are sensitive to different 

aspects of the machinery condition according to their underlying physical mechanisms. For example, vibration 

signals are effective in capturing mechanical impacts, structural looseness, and periodic fault-related patterns; 

acoustic emission signals are more sensitive to crack initiation, localized friction, and weak incipient damage; 

current signals can reflect load-related variations, while temperature signals are more suitable for character

izing thermal accumulation, lubrication deterioration, and long-term degradation trends. Even for sensors 

of the same type, different installation positions may lead to different responses to local fault propagation 

paths and signal attenuation characteristics. As a result, multisensor monitoring can provide richer operational 

information from multiple modalities, spatial positions, and physical scales, offering a more comprehensive 

data basis for machinery health condition analysis.

Nevertheless, multisensor data cannot be directly exploited through simple aggregation [14, 15]. On the one 

hand, signals collected from different sensors may differ significantly in sampling frequency, physical scale, 

magnitude range, and noise distribution. On the other hand, the information carried by different sensors con

tains not only redundant descriptions of the same health condition but also complementary representations 

of localized fault characteristics. If multisource information is fused merely by straightforward concatenation, 

redundant information may accumulate, critical features may be obscured, and model generalization may be 

weakened. Therefore, the key to multisensor fusion lies not in increasing the amount of information itself, but 

in effectively modeling the correlations, complementarities, and importance differences among sensors so as 

to construct a more discriminative and continuous health representation. Based on this understanding, this 

paper develops an adaptive fusion mechanism to effectively integrate multisource monitoring information 

and provide a unified feature basis for subsequent fault diagnosis and RUL prediction.

Problem Definition

Assume that a rotating machinery system is monitored by 𝑀 sensors simultaneously during operation. For 

the 𝑚 -th sensor, the raw signal collected within a given time window can be represented as:

𝐱(𝑚) ∈ ℝ𝐿, 𝑚 = 1, 2, …, 𝑀 (1)
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where 𝐿 denotes the window length. By combining the signals acquired from all sensors within the same time 

instant or the same time window, the multisensor input sample can be expressed as:

𝐗 = [𝐱(1), 𝐱(2), …, 𝐱(𝑀)] (2)

For the fault diagnosis task, let the corresponding label be 𝑦𝑐 ∈ {1, 2, …, 𝐶} , where 𝐶 denotes the total 

number of fault categories. For the RUL prediction task, let the corresponding label be 𝑦𝑟 ∈ ℝ , which repre

sents the remaining useful life value at the current time. Accordingly, the objective of this study is to learn a 

mapping from the multisensor input to the dual-task outputs:

𝑓 : 𝐗 → (𝑦𝑐, 𝑦𝑟) (3)

where the mapping function 𝑓(⋅) is expected to simultaneously support fault-state discrimination and degra

dation tendency modeling.

To achieve this objective, it is further assumed that there exists a latent shared health representation 𝐡

embedded in the multisensor input, which can comprehensively reflect the machinery operating condition 

observed by different sensors and simultaneously support both classification and regression tasks. Formally, 

the process can be defined as:

𝐡 = 𝜙(𝐗) (4)

𝑦𝑐 = 𝑔𝑐(𝐡), 𝑦𝑟 = 𝑔𝑟(𝐡) (5)

where 𝜙(⋅) denotes the multisensor feature encoding and fusion process, and 𝑔𝑐(⋅) and 𝑔𝑟(⋅) represent the 

fault diagnosis branch and the RUL prediction branch, respectively. Based on this formulation, the following 

sections focus on how to construct a high-quality shared health representation through sensor-specific feature 

extraction and adaptive fusion, and how to further achieve collaborative modeling of fault diagnosis and 

remaining useful life prediction for rotating machinery.
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PROPOSED METHOD

Overall Framework

To achieve collaborative modeling of fault diagnosis and remaining useful life (RUL) prediction for rotating 

machinery, this paper proposes a dual-task learning framework based on multisensor data fusion. The 

proposed framework consists of six main components: multisensor data input, data preprocessing and sample 

construction, sensor-specific feature extraction, adaptive multisensor fusion, shared health representation 

learning, and dual-task prediction. First, multiple sensors synchronously acquire machinery operating signals 

within the same time instant or time window, and the collected signals are transformed into structurally 

consistent input samples through unified preprocessing. Then, sensor-specific feature extraction modules are 

constructed for different sensor channels to learn independent representations of local health conditions. 

Based on these local features, an adaptive fusion mechanism is introduced to perform dynamic weighting and 

interactive modeling of multisource information, thereby generating a compact representation of the current 

health state.

Finally, the shared representation is simultaneously fed into the fault diagnosis branch and the RUL prediction 

branch, and the classification and regression tasks are jointly optimized to achieve unified modeling of the 

current fault state and future degradation trend. Let the preprocessed multisensor input sample be denoted 

as:

𝐗 = [𝐱(1), 𝐱(2), …, 𝐱(𝑀)] (6)

where 𝑥(𝑚) denotes the input signal from the 𝑚 -th sensor and 𝑀 is the total number of sensors. First, a 

sensor-specific feature extraction module is used to obtain the local feature representation for each channel:

𝐟 (𝑚) = ℰ︀(𝑚)(𝐱(𝑚)), 𝑚 = 1, 2, …, 𝑀 (7)

where ℰ︀(𝑚)(⋅) denotes the feature encoder for the 𝑚 -th sensor. Then, all local features are fed into the 

adaptive fusion module to generate the shared health representation:

𝐡 = ℱ︀(𝐟 (1), 𝐟 (2), …, 𝐟 (𝑀)) (8)
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where ℱ︀(⋅) denotes the multisensor fusion process. Finally, the fused representation 𝐡 is passed to the fault 

diagnosis branch and the RUL prediction branch to produce the fault category prediction 𝑦𝑐 and the life 

prediction 𝑦𝑟 , respectively:

𝑦𝑐 = 𝒞︀(𝐡), 𝑦𝑟 = ℛ︀(𝐡) (9)

where 𝒞︀(⋅) and ℛ︀(⋅) denote the classifier and regressor, respectively. By using the shared health represen

tation as a bridge, the entire framework unifies fault diagnosis and life prediction within a common modeling 

paradigm, thereby enhancing the model’s ability to characterize machinery health evolution.

Data Preprocessing and Sample Construction

Raw multisensor monitoring signals usually exhibit inconsistencies in sampling frequency, physical scale, 

noise contamination, and amplitude range. Directly feeding such signals into the model may adversely affect 

subsequent feature extraction and fusion. Therefore, unified data preprocessing and sample construction are 

required before model training. First, the raw signals collected from different sensors are aligned according to 

their acquisition time stamps and synchronously segmented within the same physical time window, so that 

all channels in one input sample correspond to the same operating interval rather than being forced into 

point-by-point correspondence. When different sampling frequencies or response characteristics are involved, 

resampling or unified window mapping is performed in a channel-wise manner to construct structurally 

consistent inputs, while preserving the local temporal patterns of each sensor as much as possible. Specifically, 

transient-sensitive high-frequency signals, such as vibration and acoustic emission signals, are first segmented 

at their native sampling resolution before being mapped to a fixed input length, whereas low-frequency 

or slowly varying signals are aligned at the window level to avoid unnecessary loss of degradation-related 

information. Subsequently, each sensor channel is standardized through operations such as mean removal 

and normalization in order to reduce the influence of scale differences and amplitude bias.

In the sample construction stage, a sliding-window strategy is adopted to extract local segments of length 𝐿

from continuous monitoring signals, and samples are generated with a fixed step size 𝑆 . For the 𝑖 -th sample, 

the input corresponding to the 𝑚 -th sensor can be expressed as:

𝐱(𝑚)
𝑖 = [𝑥(𝑚)

𝑖,1 , 𝑥(𝑚)
𝑖,2 , …, 𝑥(𝑚)

𝑖,𝐿 ] ∈ ℝ𝐿 (10)
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Accordingly, the multisensor sample can be formulated as:

𝐗𝑖 = [𝐱(1)
𝑖 , 𝐱(2)

𝑖 , …, 𝐱(𝑀)
𝑖 ] (11)

For the fault diagnosis task, each sample is associated with a fault category label 𝑦𝑐
𝑖 ; for the RUL prediction 

task, each sample is associated with a life label 𝑦𝑟
𝑖 . To improve the stability of RUL model training, the life 

label is usually normalized as:

𝑦𝑟
𝑖 = 𝑦𝑟

𝑖
𝑦max

(12)

where 𝑦max denotes the maximum life value in the training set. After these procedures, the original multi

source monitoring data are transformed into a unified sample format suitable for deep learning models, 

providing a consistent basis for subsequent feature extraction and joint modeling.

Sensor-Specific Feature Extraction

Since different sensors perceive machinery health conditions from different physical mechanisms, their signal 

patterns, spectral structures, and degradation-sensitive features often differ significantly. Therefore, before 

multisensor fusion, it is necessary to independently encode each sensor channel so as to fully extract 

its sensor-specific local condition information. To this end, this paper constructs relatively independent yet 

structurally consistent feature extraction modules for different sensors. Through parallel learning within a 

unified framework, the initial representation of machinery health conditions can be obtained from each 

sensor channel.

Let 𝐱(𝑚) denote the input signal of the 𝑚 -th sensor. After feature extraction, the output representation can 

be written as:

𝐟 (𝑚) = ℰ︀(𝑚)(𝐱(𝑚)) (13)

where 𝐟 (𝑚) ∈ ℝ𝑑 denotes the 𝑑 -dimensional feature vector extracted from the 𝑚 -th sensor. In this work, 

the encoder is composed of one-dimensional convolutional layers, nonlinear activation functions, and 

pooling operations to perform hierarchical feature learning on raw signals. Specifically, convolution opera
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tions are used to capture local impulsive patterns, periodic fluctuations, and degradation-related structural 

information, while pooling operations compress the feature dimension and enhance the robustness of the 

representation. The 𝑙 -th convolutional feature can be formulated as:

𝐳(𝑚)
𝑙 = 𝜎(𝐖(𝑚)

𝑙 ∗ 𝐳(𝑚)
𝑙−1 + 𝐛(𝑚)

𝑙 ) (14)

where ∗ denotes the convolution operation, 𝐖(𝑚)
𝑙 and 𝐛(𝑚)

𝑙 denote the kernel weight and bias of the 𝑙 -th 

convolutional layer, respectively, and 𝜎(⋅) is a nonlinear activation function.

Through the above feature extraction process, the model can learn local health-related patterns from different 

sensor channels individually, thereby providing effective inputs for subsequent multisensor fusion. It should 

be noted that the purpose of this stage is not to directly accomplish classification or regression, but to preserve 

the differentiated perception capability of different sensors toward machinery conditions, so that the subse

quent fusion module can further explore the complementary relationships among multisource information at 

a higher semantic level.

Adaptive Multisensor Fusion for Shared Health Representation

After obtaining local features from different sensors, the effective integration of multisource information 

becomes the key to high-quality health modeling. Although direct feature concatenation can preserve infor

mation from each channel, it cannot explicitly distinguish the importance differences of different sensors 

under varying operating states, nor can it sufficiently model the correlations and complementarities among 

multisource features. To address this issue, this paper develops an adaptive multisensor fusion module, which 

dynamically learns the contribution weights of different sensor features so as to selectively enhance informa

tive signals and suppress redundant information, thereby generating a more discriminative and continuous 

shared health representation.

First, the features extracted from all sensors are mapped and concatenated to construct the fusion input:

𝐅 = [𝐟 (1); 𝐟 (2); …; 𝐟 (𝑀)] (15)

Then, to characterize the relative importance of different sensors with respect to the current machinery 

condition, an attention-based weighting mechanism is introduced to assign an adaptive weight 𝛼(𝑚) to each 
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sensor. For the feature vector 𝐟 (𝑚) ∈ ℝ𝑑 extracted from the 𝑚 -th sensor, the corresponding attention score 

is calculated as:

𝑒(𝑚) = 𝐪⊤ tanh(𝐖𝑎𝐟 (𝑚) + 𝐛𝑎) (16)

𝛼(𝑚) =
exp(𝑒(𝑚))

∑𝑀
𝑗=1 exp(𝑒(𝑗))

(17)

where 𝐖𝑎 ∈ ℝ𝑑𝑎×𝑑 , 𝐛𝑎 ∈ ℝ𝑑𝑎 , and 𝐪 ∈ ℝ𝑑𝑎 are learnable parameters, and 𝑑𝑎 denotes the hidden dimen

sion of the attention layer. The tanh(⋅) activation therefore produces a 𝑑𝑎 -dimensional hidden attention 

representation for each sensor feature. The softmax operation in Eq. (17) is applied over the sensor dimension 

to normalize the importance weights of all 𝑀 sensors. In this study, no additional temperature scaling is 

applied to the softmax function. All attention parameters are initialized together with the network parameters 

and optimized end-to-end through backpropagation under the joint loss function in Eq. (24).

𝐡 = ∑
𝑀

𝑚=1
𝛼(𝑚)𝐟 (𝑚) (18)

This representation can adaptively emphasize more informative sensor features and suppress redundant or 

noisy channels under different operating conditions and degradation stages.

Furthermore, to enhance the nonlinear expressive capability of the shared representation, the weighted 

fusion result is fed into a fully connected projection layer to obtain the final shared health representation:

𝐡𝑠 = 𝜓(𝐖𝑠𝐡 + 𝐛𝑠) (19)

where 𝐖𝑠 and 𝐛𝑠 are projection parameters and 𝜓(⋅) is a nonlinear transformation function. Different from 

simple feature stacking, the proposed fusion strategy extracts a unified semantic representation for the overall 

machinery health state from multisource local representations, which serves as the common feature basis for 

both fault diagnosis and RUL prediction.
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Joint Modeling of Fault Diagnosis and Remaining Useful Life Prediction

Based on the learned shared health representation, this paper further constructs a joint learning framework 

for fault diagnosis and RUL prediction so as to collaboratively optimize classification and regression tasks. In 

this framework, the shared representation 𝐡𝑠 generated by the fusion module is simultaneously fed into two 

task-specific branches. The fault diagnosis branch is responsible for identifying the current fault category of 

the machinery, while the RUL prediction branch estimates the remaining operational time from the current 

moment to the failure point. Although the two branches correspond to different objectives, they are both 

built upon the same shared health representation and can therefore mutually benefit each other during joint 

training.

For the fault diagnosis branch, a fully connected classifier is used to output the predicted probability distrib

ution over all fault categories:

𝐲̂𝑐 = Softmax (𝐖𝑐𝐡𝑠 + 𝐛𝑐) (20)

where 𝐲̂𝑐 ∈ ℝ𝐶 denotes the predicted probability distribution over 𝐶 fault categories, and 𝐖𝑐 and 𝐛𝑐 are 

the classifier parameters. For the RUL prediction branch, a regressor is employed to output the continuous 

life estimation:

𝑦𝑟 = 𝐖𝑟𝐡𝑠 + 𝐛𝑟 (21)

where 𝑦𝑟 denotes the predicted normalized RUL value, and 𝐖𝑟 and 𝐛𝑟 are the regressor parameters.

The essence of joint learning lies in connecting current state recognition and future trend estimation through a 

shared feature layer, such that the model simultaneously possesses strong discriminative capability and degra

dation perception capability. In essence, fault diagnosis improves the model’s ability to distinguish between 

different health condition boundaries, while RUL prediction enhances its ability to capture the continuous 

evolution pattern of machinery degradation. By integrating the two tasks within a shared representation 

framework, the learned features become not only discriminative for classification but also continuous for 

degradation modeling, thereby improving the overall health assessment performance.
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Loss Function and Training Strategy

To jointly optimize fault diagnosis and RUL prediction, a multitask objective function composed of a classifi

cation loss and a regression loss is constructed. For the fault diagnosis task, the cross-entropy loss is adopted 

to measure the discrepancy between the predicted category distribution and the true label:

ℒ︀𝑐 = − 1
𝑁

∑
𝑁

𝑖=1
∑

𝐶

𝑘=1
𝑦𝑐

𝑖,𝑘 log 𝑦𝑐
𝑖,𝑘 (22)

where 𝑁 denotes the number of training samples, 𝑦𝑐
𝑖,𝑘 denotes the ground-truth label of the 𝑖 -th sample for 

the 𝑘 -th category, and 𝑦𝑐
𝑖,𝑘 denotes the corresponding predicted probability.

For the RUL prediction task, the mean squared error loss is employed to constrain the deviation between the 

predicted life value and the true life label:

ℒ︀𝑟 = 1
𝑁

∑
𝑁

𝑖=1
(𝑦𝑟

𝑖 − 𝑦𝑟
𝑖 )2 (23)

Accordingly, the total loss is formulated as a weighted combination of the two losses:

ℒ︀ = 𝜆𝑐ℒ︀𝑐 + 𝜆𝑟ℒ︀𝑟 (24)

where 𝜆𝑐 and 𝜆𝑟 denote the weight coefficients for the classification task and the regression task, respec

tively, and are used to balance their contributions during training.

During training, the entire model is optimized in an end-to-end manner, enabling the feature extraction 

module, fusion module, and task-specific branches to be updated collaboratively under a unified objective. 

Through this strategy, the model is able to learn local condition characteristics from different sensors, 

adaptively determine the fusion pattern of multisource information, and finally obtain a shared health 

representation suitable for both fault diagnosis and RUL prediction. In summary, the proposed framework 

integrates sensor-specific feature extraction, adaptive multisensor fusion, and dual-task optimization into a 

unified modeling procedure. Based on this formulation, the following section evaluates the proposed method 

through fault diagnosis, RUL prediction, ablation studies, and robustness analysis.
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EXPERIMENTS AND RESULTS

Dataset Description and Experimental Settings

Following the methodological framework described above, experiments were conducted to evaluate the 

effectiveness of the proposed method in both fault diagnosis and remaining useful life (RUL) prediction of 

rotating machinery. The experiments were performed on the public University of Ottawa Rolling-element 

Bearing Vibration and Acoustic Fault Signature Dataset under Constant Load and Speed Conditions. In the 

experiments, accelerometer vibration signals and microphone acoustic signals were selected as the primary 

monitoring inputs to characterize the dynamic response and localized damage evolution of the machinery 

under different operating conditions. According to the dataset description, the vibration signals were acquired 

using an accelerometer mounted on the bearing test rig, while the acoustic signals were collected using 

a microphone arranged near the tested bearing. Each raw signal record was sampled at 42,000 Hz with a 

duration of 10 s. For the fault diagnosis task, the samples were labeled according to different health states and 

fault categories. For the RUL prediction task, each sample was labeled according to the remaining life from 

the current operating time to the failure point. To ensure consistency among different sensor channels within 

the same time window, the raw monitoring signals were first synchronized, normalized, and segmented using 

a sliding-window strategy. The processed samples were then divided into training, validation, and test sets for 

model training and performance evaluation.

In terms of experimental settings, the proposed method was compared with single-sensor models, simple 

feature concatenation methods, and representative deep learning baselines so as to comprehensively evalu

ate the effectiveness of multisensor fusion and the joint learning mechanism.

For the RUL prediction task, MAE, RMSE, and Score were employed. MAE and RMSE were used to evaluate 

the average prediction error and the overall deviation between the predicted and true RUL values. Different 

from the asymmetric exponential scoring function used in some PHM data challenges, the Score metric in this 

study is defined as a normalized absolute prediction-error score to provide a scale-independent comparison 

among different methods. Specifically, it is calculated as

𝑆𝑐𝑜𝑟𝑒 = 1
𝑁

∑
𝑁

𝑖=1
(∣ 𝑦𝑟

𝑖 − 𝑦𝑟
𝑖 ∣

𝑦max
) (25)
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where 𝑁 denotes the number of test samples, 𝑦𝑟
𝑖 and 𝑦𝑟

𝑖 denote the predicted and true RUL values of the

𝑖 -th sample, respectively, and 𝑦max is the maximum RUL value used for normalization. A lower Score value 

indicates better RUL prediction performance.

Baseline Methods and Evaluation Metrics

To comprehensively evaluate the proposed method, the following categories of baseline methods were 

considered: (1) Single Vibration-CNN / Single Vibration-GRU, which use only vibration signals for diagnosis or 

life prediction; (2) Single AE-CNN / Single AE-GRU, which rely solely on acoustic emission signals; (3) Feature 

Concatenation, which directly concatenates multisensor features before feeding them into downstream task 

modules; (4) CNN-LSTM / CNN-GRU, which represent typical deep sequence modeling approaches; (5) Atten

tion Fusion, which introduces an attention-based multisensor fusion strategy but does not employ the shared 

health representation and dual-task collaborative learning proposed in this study; (6) Proposed Method, i.e., 

the adaptive multisensor fusion and shared-health-representation-based joint modeling framework proposed 

in this paper.

Tables 1 and 2 present the experimental results for the fault diagnosis task and the RUL prediction task, 

respectively. It can be observed that as the information source evolves from single-sensor input to multisensor 

input, and further from simple concatenation to adaptive fusion, the model performance exhibits a consistent 

improvement trend. This indicates that complementary information indeed exists among different sensors, 

and that an appropriate fusion strategy can effectively enhance the representation capability of machinery 

health conditions.

Table 1. Comparison of fault diagnosis performance

Method Accuracy (%) Precision (%) Recall (%) F1-score (%)

Single Vibration-CNN 93.4 92.9 93.1 93.0

Single AE-CNN 91.8 91.2 91.5 91.3

Feature Concatenation 95.6 95.1 95.3 95.2

CNN-LSTM 96.1 95.7 95.8 95.7

Attention Fusion 97.3 97.0 97.1 97.0

Proposed Method 98.4 98.1 98.2 98.1
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Table 2. Comparison of RUL prediction performance

Method MAE RMSE Score

Single Vibration-GRU 12.84 16.92 0.312

Single AE-GRU 14.21 18.15 0.338

Feature Concatenation 10.37 13.64 0.267

CNN-GRU 9.74 12.81 0.243

Attention Fusion 8.96 11.57 0.219

Proposed Method 7.48 9.86 0.181

As shown in Table 1, the proposed method achieves the best performance in terms of Accuracy, Precision, 

Recall, and F1-score for the fault diagnosis task. Compared with the single-vibration model, the proposed 

method improves Accuracy by 5.0 percentage points. Even compared with the simple feature concatenation 

strategy, an improvement of 2.8 percentage points is still observed. These results indicate that a single sensor 

is insufficient to fully characterize complex fault patterns, whereas the proposed adaptive fusion mechanism 

can more effectively exploit complementary multisource information and thus improve fault identification 

performance.

Table 2 further shows that the proposed method also outperforms all comparison methods in the RUL 

prediction task and yields the lowest MAE, RMSE, and Score values. Compared with the single-vibration model, 

the RMSE decreases from 16.92 to 9.86, indicating a substantial reduction in prediction error. Even when 

compared with the attention-fusion baseline, further improvement is still achieved. This suggests that the 

proposed shared health representation is not only suitable for current-state recognition but is also capable of 

better capturing degradation trends, thereby providing more stable feature support for life prediction.

Figure 1 illustrates the Accuracy comparison among different methods for the fault diagnosis task. It can be 

more intuitively observed that the performance of single-sensor models is relatively limited. Although multi

sensor feature concatenation improves performance, it is still inferior to the proposed method. In contrast, the 

proposed framework achieves higher classification accuracy while maintaining a compact model structure, 

demonstrating the effectiveness of adaptive fusion and dual-task shared representation learning in enhancing 

state discrimination capability.
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Figure 1. Diagnosis Accuracy

Fault Diagnosis Results

To further analyze the recognition capability of the model for different fault categories, Fig. 2 presents the 

confusion matrix of the proposed method on the test set. It can be observed that most samples are correctly 

classified, and the diagonal entries are significantly larger than the off-diagonal ones, indicating strong dis

crimination ability across different health states and fault categories. Only a small number of misclassifications 

occur between a few similar fault categories, which is typically caused by similar local dynamic characteristics, 

close fault propagation paths, or weak signatures in the early degradation stage.

Overall, the proposed method exhibits relatively balanced classification performance across all categories, 

without obvious bias toward a specific class. This indicates that the shared health representation is capable 

of sufficiently preserving fault-discriminative information under the joint contribution of different sensor 

channels. In addition, the limited category confusion further suggests that the adaptive fusion mechanism 

can effectively suppress redundant information and noise interference, enabling the model to focus on the 

key sensor features that contribute most to classification. This property is of practical significance for state 

recognition in complex rotating machinery fault scenarios.
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Figure 2. Confusion Matrix

Remaining Useful Life Prediction Results

To evaluate the capability of the proposed method in modeling degradation trends, Fig. 3 compares the true 

RUL curve with the prediction curves produced by different methods. It can be observed that the simple 

feature concatenation method is able to follow the overall life evolution trend, but still shows noticeable 

deviation in local stages, especially in the middle and late degradation periods where the prediction error 

becomes more pronounced. In contrast, the prediction curve of the proposed method is much closer to the 

true curve, showing better consistency in overall trend tracking and local fitting performance throughout the 

entire degradation process.

This result indicates that the proposed shared health representation can not only integrate degradation-

related information from different sensors, but also improve the model’s ability to characterize the continuity 

of life evolution. In particular, during the later degradation stage, where the machinery condition changes 

more dramatically, the proposed method can still stably track the real life evolution trend, demonstrating a 

stronger perception of key degradation features. Combined with the quantitative results reported in Table 2, it 

can be concluded that the proposed method achieves satisfactory accuracy and stability in the RUL prediction 

task.
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Figure 3. RUL curves

Ablation Study

To verify the contribution of each component in the proposed framework, three groups of ablation experi

ments were conducted by removing the multisensor input, the adaptive fusion module, and the joint learning 

mechanism, respectively, and comparing the resulting variants with the full model. Table 3 reports the results 

of different ablation variants on both the fault diagnosis and RUL prediction tasks.

Table 3. Ablation study results

Variant Accuracy (%) RMSE

w/o Multisensor 95.9 13.21

w/o Adaptive Fusion 96.8 11.84

w/o Joint Learning 97.1 10.92

Full Model 98.4 9.86

As shown in Table 3, removing the multisensor input leads to a noticeable performance drop in both tasks, 

confirming that single-source information is insufficient for comprehensive machinery health characterization. 

When the adaptive fusion module is removed, the model can still benefit from multisensor information, but 

its performance is clearly inferior to that of the full model due to the lack of dynamic importance modeling 

across sensor channels. Moreover, removing the joint learning mechanism also degrades both Accuracy and 

RMSE, indicating that fault diagnosis and RUL prediction indeed share informative state representations, and 

that joint optimization is beneficial for improving overall performance.
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Therefore, the ablation study further verifies the effectiveness of the three core design components of the 

proposed framework: multisensor input provides richer operating information, the adaptive fusion module 

strengthens key health-related features, and the joint learning strategy enhances both the discriminative and 

continuous properties of the shared health representation.

Robustness Analysis

Considering that monitoring signals in practical industrial scenarios are often affected by environmental noise 

and operating disturbances, robustness experiments under different signal-to-noise ratio (SNR) conditions 

were further conducted to evaluate the performance variation of the model in noisy environments. Table 4 

and Fig. 4 show the diagnostic Accuracy of different methods under different noise levels.

Table 4. Robustness performance under different noise levels

SNR (dB) Feature Concatenation Attention Fusion Proposed Method

0 88.1 90.8 92.7

5 90.7 93.1 95.0

10 93.4 95.1 96.6

15 94.6 96.3 97.6

20 95.6 97.3 98.4

From Table 4 and Fig. 4, it can be observed that the diagnostic performance of all methods decreases as the 

SNR becomes lower. However, the proposed method consistently achieves the best performance across all 

noise levels, and its degradation trend is relatively milder than those of the comparison methods. Particularly 

under low-SNR conditions, the proposed method still maintains a clear advantage over the simple feature 

concatenation strategy, indicating that the adaptive fusion mechanism can more effectively suppress the 

interference of noisy channels and redundant information, thereby enhancing the extraction of key health-

related features.

These results further demonstrate that the proposed shared health representation not only achieves high 

accuracy under ideal conditions, but also exhibits strong stability and generalization capability in complex 

scenarios with noise disturbances. This is of practical significance for the real-world application of rotating 

machinery health monitoring.
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Figure 4. Robustness Analysis

DISCUSSION

The experimental results in Section 4 show that the proposed method consistently outperforms single-

sensor methods and simple fusion methods in both fault diagnosis and remaining useful life (RUL) prediction, 

indicating the clear advantage of multisensor data fusion for machinery health modeling. As shown in Table 

1, although the single-vibration model and the single-acoustic-emission model are both capable of capturing 

part of the fault-related information, their overall diagnostic performance is notably inferior to that of multi

sensor models. This suggests that different sensors respond to machinery health conditions in different ways, 

and a single signal source is insufficient to comprehensively cover all the information associated with complex 

fault patterns. In contrast, multisensor fusion can integrate information from different physical origins in the 

feature space, enabling the model to achieve stronger discrimination when dealing with similar fault types or 

weak fault signatures. This is further supported by the confusion matrix in Fig. 3, where only a small number 

of samples are misclassified. Even between similar fault categories, the proposed method maintains a high 

recognition rate, indicating that the fused shared health representation indeed enhances the model’s ability 

to capture fine-grained fault differences.

A further comparison among Feature Concatenation, Attention Fusion, and the proposed method reveals that 

the observed performance improvement does not simply come from increasing the number of sensors, but 

more importantly from how the multisource information is fused. In Table 1, Feature Concatenation already 

shows a clear improvement over the single-sensor methods, confirming the complementary value of multi
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source information itself. However, its performance is still inferior to that of Attention Fusion and the proposed 

method, which indicates that straightforward feature stacking is insufficient to fully exploit the importance 

differences and intrinsic relationships among sensors. Attention Fusion further improves both the diagnosis 

and RUL prediction results, suggesting that dynamic weighting can effectively emphasize more informative 

sensor features. Nevertheless, a performance gap still remains between Attention Fusion and the proposed 

method, which implies that attention-based weighting alone is not enough to fully support dual-task health 

modeling. The advantage of the proposed method lies in the fact that it not only employs adaptive fusion, but 

also connects state recognition and degradation modeling through a shared health representation. As a result, 

the learned features are both discriminative for fault category identification and continuous for degradation 

trend characterization.

From the RUL prediction results, Table 2 and Fig. 2 jointly demonstrate the effectiveness of the proposed 

method in degradation trend modeling. Compared with the single-sensor approaches, the multisensor fusion 

methods achieve substantially lower MAE and RMSE values, indicating that a single sensor is more easily 

affected by local noise, transient fluctuations, or instability in individual degradation-sensitive features. This 

effect becomes more apparent in the middle and late degradation stages, where machinery condition changes 

more rapidly and the information provided by a single channel is often less stable. In such cases, multisensor 

information can provide complementary observations of degradation from different perspectives, which is 

beneficial for improving the consistency between the predicted life curve and the true life curve. Figure 2 

also shows that although Feature Concatenation can roughly follow the overall downward trend, noticeable 

deviations still exist in local stages, whereas the proposed method remains closer to the true curve throughout 

the degradation process. This indicates that the shared health representation is more effective in preserving 

the continuous information associated with life evolution, thereby improving the model’s fitting capability for 

nonlinear degradation processes.

The ablation study further clarifies the functional role of each component in the proposed framework. As 

reported in Table 3, removing the multisensor input causes the most obvious degradation in both Accuracy and 

RMSE, indicating that multisource monitoring information is the foundation of performance improvement. 

When the adaptive fusion module is removed, the model performance also drops significantly, suggesting that 

multisensor input itself does not automatically lead to a better representation; the benefit of fusion can only 

be fully realized when the model is able to distinguish the contribution of different sensors under different 
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health conditions. By comparison, removing the joint learning mechanism also deteriorates the results, 

although the reduction is relatively smaller than that caused by removing multisensor input or adaptive 

fusion. This indicates that the construction of the shared health representation depends not only on sufficient 

multisource information and an effective fusion strategy, but also on the collaborative constraint imposed by 

the fault diagnosis and RUL prediction tasks. In other words, multisensor input and adaptive fusion determine 

whether the information is sufficiently exploited, while joint learning further determines whether the learned 

representation is unified and effective across tasks.

The robustness analysis further suggests that the performance improvement of the proposed method is not 

limited to ideal conditions, but also extends to noisy environments. As shown in Fig. 4, the proposed method 

consistently achieves the highest diagnostic accuracy under all signal-to-noise ratio (SNR) conditions, and 

particularly under low-SNR settings, it exhibits a smaller performance drop than Feature Concatenation and 

Attention Fusion. This indicates that when the monitoring signals are heavily contaminated by noise, simple 

concatenation methods are more likely to directly propagate noisy information into the fused representation, 

whereas the proposed method can alleviate the interference of low-quality channels through adaptive 

weighting to some extent, thereby preserving stronger feature extraction capability. In other words, the 

advantage of the proposed framework is reflected not only in its higher average performance, but also in 

its improved adaptability to complex monitoring environments, which is especially important for practical 

engineering applications.

In addition, the consistent improvement observed in both fault diagnosis and RUL prediction suggests that 

the shared health representation learned by the proposed framework has good cross-task stability. If a repre

sentation only improves classification performance but fails to enhance life prediction, it would imply that 

the representation mainly emphasizes discrete decision boundaries while lacking the ability to characterize 

continuous degradation patterns. Conversely, if it only improves RUL prediction but offers limited benefit 

for diagnosis, it would indicate a stronger focus on trend fitting but insufficient discriminative power. In 

the present study, the proposed method achieves stable improvement in both tasks, which suggests that 

the learned representation simultaneously preserves discriminative and continuous properties to a certain 

extent. This is, in fact, one of the key distinctions between the proposed framework and conventional single-

task modeling approaches: instead of designing two completely separate representations for diagnosis and 
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prediction, the proposed framework attempts to construct an intermediate representation that can uniformly 

describe the machinery health state. The experimental results indicate that this idea is effective.

Overall, the experimental findings in Section 4 suggest that the performance gain of the proposed method 

can be explained by a relatively clear mechanism: multisensor input provides a more complete description of 

machinery conditions, the adaptive fusion mechanism improves the efficiency of multisource feature utiliza

tion, and the joint learning framework enhances the task consistency of the shared health representation. 

The combined effect of these three aspects enables the proposed method to achieve superior performance in 

fault identification accuracy, life prediction error, and robustness under noisy environments. These results not 

only validate the rationality of the method design, but also demonstrate that combining multisensor fusion 

with dual-task health modeling is an effective way to improve intelligent health monitoring performance for 

rotating machinery.

CONCLUSION

To address the limitations of incomplete condition information in single-sensor monitoring, the separation 

between fault diagnosis and remaining useful life (RUL) prediction, and the insufficient utilization of multi

source data in rotating machinery health monitoring, this paper proposed a multisensor data fusion method 

for fault diagnosis and RUL prediction of rotating machinery. The proposed method takes multisource moni

toring signals as input, learns sensor-specific local condition features through dedicated feature extraction 

modules, and further constructs a shared health representation by means of an adaptive fusion mechanism. 

Based on this representation, fault diagnosis and RUL prediction are integrated into a unified dual-task learning 

framework, enabling collaborative optimization of current fault-state recognition and future degradation 

trend modeling.

Experimental results demonstrated that the proposed method outperformed single-sensor models, simple 

feature concatenation methods, and representative deep learning baselines in terms of diagnostic accuracy, 

RUL prediction error, and robustness under noisy environments. These findings indicate that multisensor 

information fusion can provide a more comprehensive description of machinery health conditions, while the 

shared health representation can simultaneously preserve fault discriminability and degradation continuity, 

thereby offering a unified and effective feature basis for both diagnosis and life prediction. In addition, the 

ablation study further confirmed the necessity and effectiveness of multisensor input, the adaptive fusion 

strategy, and the dual-task joint learning mechanism within the overall framework.
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Overall, this study demonstrates that combining multisensor fusion with joint modeling of fault diagnosis and 

RUL prediction is an effective way to improve intelligent health monitoring performance for rotating machin

ery. The proposed framework provides a feasible path toward unified machinery health state representation 

and offers methodological support for predictive maintenance and intelligent operation of rotating machinery. 

Nevertheless, the current method still depends to some extent on data synchronization quality and sample 

completeness, and there remains room for improvement in cross-condition transferability, robustness to 

missing sensors, and model interpretability. Future work will focus on robust fusion under complex industrial 

scenarios, cross-domain generalization, and mechanism-constrained modeling so as to further enhance the 

engineering applicability and practical deployment capability of the proposed approach.
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