
IEEE INTERNET OF THINGS JOURNAL

1

Abstract— Accurate prediction of machinery's
remaining useful life (RUL) is essential for preventing
catastrophic breakdowns and supporting predictive 
maintenance. Although RUL prediction has been 
extensively studied, most literature develops on unimodal 
data, which provides a limited and often biased perspective. 
Multimodal monitoring, which collects multiple sensor data, 
enables a more comprehensive understanding of 
degradation processes. While promising, significant 
challenges are encountered in existing methods: 1) point 
yet deterministic predictions are predominantly produced 
which, while potentially erroneous, tend to exhibit 
overconfidence, thereby lacking the dynamic uncertainty 
informing; 2) the processing of heterogeneous data and 
the achievement of physically interpretable fusion remain 
challenging; and 3) anomalies in the operation process are 
not appropriately identified. To address these issues, a 
new multimodal uncertainty-aware RUL prediction 
framework is proposed, grounded in stochastic modeling. 
Fractional stochastic differential equation-controlled 
subnets process each modality independently, wherein 
layer-wise transformations are modeled as state evolution 
in stochastic dynamical systems, allowing 
modality-specific uncertainty to be quantified without 
requiring parameter priors. A Lagrange multiplier-based 
fusion module is subsequently employed to perform 
explicit uncertainty-based fusion, enabling an interpretable 
and synergistic integration. Validation on harmonic drive 
reducers for robots demonstrates the superiority of the 
proposed framework, achieving an average improvement 
of 26.6% in RMSE and a 16.6% reduction in MAPE 
compared to state-of-the-art benchmarks. Furthermore, the 
method significantly reduces prediction uncertainty 
variance by 21.3%, offering more reliable insights into 
system degradation.
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I. INTRODUCTION

DVANCES in sensor technology, the Internet of Things

(IoT), and cyber-physical systems have ushered in the era 

of the Internet of Machinery [1]. In remaining useful life (RUL) 

prediction, major challenges are encountered by traditional 

methods in extracting valuable fault-related features and 

identifying degradation patterns from vast volumes of data. As 

a result, deep learning techniques have emerged as a promising 

solution [2, 3]. Extensive research has been conducted to 

explore their transformative potential in this domain. For 

instance, Deutsch et al. [4] presented a deep belief network 

(DBN)-feedforward neural network that enables automatic 

feature extraction and RUL prediction from vibration data of 

gears and bearings. Liu et al. [5] introduced a feature-attention 

mechanism that assigns higher weights to critical inputs. 

Subsequently, a bidirectional gated recurrent unit (GRU) was 

employed for relevant feature extraction, followed by fully 

connected layers (FCLs) for RUL prediction. Li et al. [6]

focused on addressing the degradation alignment issue by 

proposing a cycle-consistent learning scheme to align sensor 

data at similar degradation levels. RUL predictions were then 

obtained using a first predicting time determination approach.

Cao et.al [7] proposed a temporal cascade broad learning 

system for continuous learning with incoming data. A ridge 

regression method was used to update the network weights and 

support subsequent RUL predictions.

While most existing methods have demonstrated a certain 

level of effectiveness, a significant limitation is that they are 

developed based on unimodal data. Unimodal data provide only 

a limited and potentially biased perspective [8], making it 

highly likely that critical aspects of a machine's health state are 

overlooked and that the machinery degradation process is 

inadequately represented. Furthermore, unimodal data are 

susceptible to external interference, and their effectiveness is 

highly dependent on the sensitivity and characteristics of the 

specific sensor employed [9]. To overcome these limitations, 

multimodal monitoring has received significant attention and 

application. This approach incorporates diverse sensor types 

and extends monitoring coverage to collect more 

comprehensive and abundant information about machine health 

states. Fig. 1 presents an example of sensor arrays used for 
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monitoring in an industrial robot, which is a representative 

mechanical system. The diverse and enriched data acquired 

through multimodal monitoring provide deeper insights into 

machine degradation patterns, thereby improving RUL 

prediction accuracy. However, these multimodal data present 

both opportunities and challenges. On the one hand, they 

contain abundant information about machine health states, 

enabling models to access a broader perspective. On the other 

hand, differences in the statistical properties of each modality 

and the complex nonlinear relationships among their low-level 

representations pose challenges for effective data utilization 

and fusion [10]. Some researchers have attempted to explore 

the potential of multimodal monitoring data for RUL prediction.

A method for outlier removal, based on the 𝜇-3𝜎 principle was 

developed by Guo et al. [11], followed by the implementation 

of a multi-scale convolutional attention network to fuse the 

cleaned data from milling cutters for RUL prediction. Yang et 

al. [12] proposed a multi-branch network designed to process 

diverse data modalities, including sensor measurements, 

images, and inspection records. Features extracted from each 

branch were subsequently combined and fed into a regression 

layer to predict the RUL of steam generators. Li et al. [13]

developed a multi-scale feature extraction module that 

dynamically weights multi-sensor measurements based on their 

similarity across different time scales. These weighted features 

were then projected onto turbofan engine RULs using a hybrid 

approach combining local and global attention mechanisms.

Wang et al. [14] introduced a framework in which data from 

multiple modalities (e.g., current and sound) were processed in 

parallel using subnets equipped with distillation blocks. These 

subnets extracted features, which were then fused and input 

into fully connected layers for the final RUL prediction.

Fig. 1  A typical example of sensor array deployment on an industrial 
robot.

So far, research efforts have been dedicated to leveraging 

multimodal data and integrating them for RUL prediction. 

Unfortunately, the available results are limited to providing 

point predictions without corresponding uncertainty levels. 

Consequently, erroneous yet overly confident predictions may 

be produced, even for out-of-distribution (OOD) data. This 

limitation has significant implications across various industries, 

particularly those that require high standards of safety and 

control. For instance, stringent safety standards are mandated in 

the aerospace industry, efficient workflows and product quality 

are prioritized in smart manufacturing, and driver and 

passenger safety is emphasized in the autonomous driving 

sector. Existing methods for uncertainty quantification in 

neural networks (NNs) primarily fall into two categories [15]. 

The first category comprises Bayesian neural networks (BNNs), 

which impose probability distributions over model parameters, 

with related works including [16, 17]. Although BNNs offer a 

principled approach, the exact probabilistic inference of 

parameter posteriors is typically infeasible. Furthermore, the 

specification of parameter priors for deep neural networks 

(DNNs) is intractable due to the large and complex parameter 

space. The second category consists of non-Bayesian methods, 

among which model ensembling is the most widely used. In this 

approach, multiple DNNs are trained with different 

initializations to estimate uncertainty [18, 19]. However, 

training multiple DNNs for ensembling can be prohibitively 

expensive and inefficient in practical applications.

To achieve more effective uncertainty quantification in RUL 

prediction, a new multimodal uncertainty-aware RUL 

prediction framework based on stochastic model updating is 

proposed. Within this framework, the uncertainty of each 

modality is modeled using a customized fractional stochastic 

differential equation (FSDE) subnet. Modality-specific features 

are then dynamically fused according to their respective

uncertainties. The final predictions, along with their associated 

uncertainties, are obtained through regression reasoning.

Experimental results on harmonic drive reducers life-testing 

data show that, compared with four advanced uncertainty 

quantification methods, the proposed method achieves up to 

average 26.62% improvement in RMSE, and 20.94% reduction 

in uncertainty variance under different working conditions. 

These quantitative gains enable more reliable decision-making 

in predictive maintenance scenarios.

The main contributions of this paper can be summarized as 

follows.

1) The inherent uncertainty in RUL predictions for each

modality is quantified through stochastic modeling. DNN

forward transformations are modeled as the state evolution

of a nonlinear stochastic dynamical system over time.

Fractional Brownian motion (FBM) is specifically

incorporated to capture correlated noise effects. These

ensure that the framework is straightforward to implement,

computationally efficient, and does not require prior

specification of model parameter distributions.

2) A modality-specific FSDE subnet parallel processing

strategy is developed. Each modality's data is processed

separately to recognize specific degradation patterns while

explicitly quantifying uncertainty. Two types of embedded

uncertainty sources are identified to facilitate on-site

detection and localization.

3) A Lagrange multiplier-based multimodal fusion module is

introduced, providing two primary benefits. First, a more

comprehensive understanding of machine health states is

enabled. Second, explicit multimodal fusion is achieved,

guided by modality-specific uncertainty and a well-defined

optimization objective, thereby endowing the fusion

process with a degree of physical interpretability.
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II. PREDICTION UNCERTAINTY MODELING

A. Sources of uncertainty

The sources of uncertainty in RUL predictions are first

examined. For a commissioned system, its multimodal 

monitoring data can be formulated as,

𝓓 = {𝓧𝑡
𝑚 ∈ ℝ𝑐𝑚×𝑑𝑚}𝑡=1

𝑇 ∈ ℝ𝑇×𝑀×𝐶×𝐷 𝑚 = 1, ⋯ , 𝑀 (1)
where 𝑇 is the number of data-label pairs, 𝑀 is the number of 

modalities, 𝐶 = {𝑐𝑚}𝑚=1
𝑀 and 𝐷 = {𝑑𝑚}𝑚=1

𝑀 indicate the

number of channels and sampling datapoints per timestep for 

each modality, respectively.

To enable RUL prediction at each timestep, a model ℳ is 

trained to establish a relationship between the monitoring data

𝓓𝑡 and the predicted RUL outcome RUL𝑡. This process is then

scrutinized to identify the sources of uncertainty. First, 

uncertainty arises from the inherent variability or randomness

that is characteristic of all systems. This type of uncertainty is 

referred to as aleatory uncertainty (AU). The second type, 

epistemic uncertainty (EU), results from the model's limited 

knowledge of the system or constraints in valuable data 

availability. By identifying and distinguishing these two 

sources of uncertainty, maintenance technicians can promptly 

locate the root causes of operational issues. If AU exhibits an 

increasing trend, it suggests that the data acquisition process 

should be inspected for potential issues such as sensor 

malfunctions or data transmission errors. Conversely, if an 

increase in EU is observed in prediction results, it may indicate 

a shift in online data distribution compared to the model's 

training data, suggesting the necessity of acquiring additional 

online data to enhance the model's knowledge.

B. Uncertainty qualification for each modality

After identifying the source of uncertainty, an attempt is

made to model them. According to the investigation in [20], the 

forward pass in NNs can be viewed as the state evolution of a 

dynamical system. Therefore, this evolution can be modeled 

using a parameterized ordinary differential equation (ODE). 

Specifically, for the hidden state 𝒉 at layer 𝑙, the state of the 

next layer can be expressed as:

𝒉𝑙+1 = 𝒉𝑙 + 𝑏(𝒉𝑙 , 𝜽𝑏) (2)
where 𝑏(∙) is the mapping function of the processing branch 

parameterized by 𝜽𝑏.

Eq. (2) illustrates a typical processing paradigm in NNs. By 

replacing 1 with ∆𝑙, it can be rewritten as:
𝒉𝑙+1 − 𝒉𝑙

1
= 𝑏(𝒉𝑙 , 𝜽𝑏) ⟹

𝒉𝑙+Δ𝑙 − 𝒉𝑙

Δ𝑙
= 𝑏(𝒉𝑙 , 𝜽𝑏) (3)

Here, ∆𝑙 represents the step size of the state between two 

adjacent layers. In NNs, forward inference is performed by 

sequentially stacking multiple layers to process the data flow.

In the limit, ∆𝑙 can be regarded as an infinitesimal quantity.

Consequently, the relation in Eq. (3) can be reformulated as:

lim
∆𝑙→0

𝒉𝑙+Δ𝑙 − 𝒉𝑙

Δ𝑙
= 𝑏(𝒉𝑙 , 𝜽𝑏) ⟹

𝑑𝒉𝑙

𝑑𝑙
= 𝑏(𝒉𝑙 , 𝜽𝑏)

⟺ 𝑑𝒉𝑙 = 𝑏(𝒉𝑙 , 𝜽𝑏)𝑑𝑙

(4)

Based on the above transformations, the computation flow in 

a NN can reasonably be regarded as a dynamical system 

controlled by an ODE. This ODE-controlled model can capture 

system dynamics without pre-supposing prior distributions, 

promoting more efficient training. However, the

ODE-controlled model remains deterministic, providing only 

point predictions and failing to quantify EU. To enable the 

model to produce predictions with corresponding uncertainty, a 

stochastic differential equation (SDE) can be introduced to 

replace the deterministic formulation. Thus, Eq. (4) can be 

reformulated as,

𝑑𝒉𝑙 = 𝜇(𝒉𝑙 , 𝑙)𝑑𝑙 + 𝜎(𝒉𝑙 , 𝑙)𝑑𝐵𝑙 (5)
where 𝜇(∙) represents the drift term which denotes the main 

trend of predictions, 𝜎(∙) is the diffusion term characterizing

model uncertainty in a stochastic environment, 𝑑𝐵𝑙 is the

differential increment of a stochastic process.

The SDE serves as a mathematical formulation that describes 

continuous random fluctuations in a prediction process over 

time which indicates that, over a small interval Δ𝑙, the change 

𝑑𝒉𝑙 in state 𝒉𝑙 is influenced by both drift and diffusion factors.

However, solving Eq. (5) is challenging due to the absence of a 

closed-form solution for the random variable 𝒉𝑙 , leading to

estimation issues when high-order numerical methods are 

employed [21]. A promising approach to addressing this issue 

is to reformulate the problem from an NN perspective.

Specifically, a drift net, denoted as 𝑓(∙) , is introduced to 

parameterize the drift term 𝜇(∙), while a diffusion net 𝑔(∙), is 

designed to model the diffusion term 𝜎(∙).

In Eq. (5), the term 𝐵𝑙 models stochastic fluctuations in

observations. Standard Brownian motion is a common choice, 

especially when observations are assumed to follow 

independent and identically distributed (i.i.d.) patterns.

However, this assumption rarely holds in real-world industrial 

systems, where degradation processes exhibit temporal 

correlations, drift coupling, and non-Markovian behavior.

Consider a typical industrial scenario: as a machine operates, 

increasing failure severity degrades the performance of various 

components (e.g., reduced rotation, stiffness loss). These 

changes introduce escalating disturbances and inter-component 

coupling, resulting in growing correlations among the 

increments of the degradation process over time. Moreover, 

even when observations are assumed to follow i.i.d. 

distributions, inter-layer correlations can still emerge during 

model training. From this perspective, FBM provides a more 

realistic framework for modeling noise in such systems.

FBM incorporates the Hurst index, enabling a 

well-established stochastic calculus framework for time series 

with memory effects. This characteristic makes FBM 

especially suitable for RUL prediction tasks. As shown in Fig. 2, 

FBM exhibits increased regularity at higher Hurst indices.

Fig. 2  Realization of FBM with different Hurst indices.

The definition of FBM is introduced by first defining the 

Gaussian process (GP). For a stochastic process {𝑋𝑡: 𝑡 ≥ 0},
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which consists of a collection of real-valued random variables 

𝑋𝑡, if every its finite subset 𝑿𝑡1,…,𝑡𝑘
= (𝑋𝑡1

, … , 𝑋𝑡𝑘
) follows a

multivariate Gaussian distribution, i.e., any linear combination 

of (𝑋𝑡1
, … , 𝑋𝑡𝑘

) has a univariate Gaussian distribution, then the

process is classified as a GP. The definition of FBM is then 

given as follows. A real-value Gaussian process ℬ𝐻 =
{ℬ𝑡

𝐻: 𝑡 ≥ 0} is defined as FBM if it satisfies the following

conditions:

ℬ0
𝐻 = E[ℬ𝑡

𝐻] = 0 (6)

E[ℬ𝑡
𝐻ℬ𝑠

𝐻] =
1

2
{|𝑡|2𝐻 + |𝑠|2𝐻 − |𝑡 − 𝑠|2𝐻}, 𝑠, 𝑡 ≥ 0 (7)

where 𝐻 ∈ (0,1) is the Hurst index, which describes the 

dependence structure of FBM increments. FBM serves as a 

generalization of standard Brownian motion; when 𝐻 = 1 2⁄ , it 

reduces to standard Brownian motion.

The fundamental properties of FBM include stationary 

increments, the self-affinity property, and the self-correlation 

property, which are defined as follows:

1) Stationary increments: ℬ𝑡
𝐻 − ℬ𝑠

𝐻~𝒩(0, |𝑡 − 𝑠|2𝐻).

2) Self-affinity property: {ℬ𝑡+𝜏
𝐻 − ℬ𝑡

𝐻} ≜ {𝑘−𝐻[ℬ𝑡+𝑘𝜏
𝐻 − ℬ𝑡

𝐻]}
3) Self-correlation property: For the increment of FBM:

∆ℬ𝑡,𝑠
𝐻 = ℬ𝑡

𝐻 − ℬ𝑠
𝐻 , for every ℎ > 0 , when 𝐻 > 1 2⁄ it holds

that: ∑ |Cov(∆ℬ0,ℎ
𝐻 , ∆ℬ(𝑛−1)ℎ,𝑛ℎ

𝐻 )|∞
𝑛=1 = ∞.

After introducing FBM, Eq. (5) can be transformed into the 

FSDE form as:

𝑑𝒉𝑙 = 𝑓𝜽1
(𝒉𝑙 , 𝑙)𝑑𝑙 + 𝑔𝜽2

(𝒉𝑙 , 𝑙)𝑑ℬ𝑙
𝐻 (8)

where 𝑑ℬ𝑙
𝐻 is the differential increment of FBM, 𝜽1 and 𝜽2 are

the parameters in the drift net and diffusion net, respectively.

Fig. 3  Whole computation flow of the proposed framework.

The FSDE integrates a drift net 𝑓𝜽1
(𝒉𝑙 , 𝑙) for accurate RUL

prediction and a diffusion net 𝑔𝜽2
(𝒉𝑙 , 𝑙) to induce high

diffusion for data beyond the existing distribution. Specifically, 

for in-distribution (ID) data, where the model has sufficient 

observations, the variance of the stochastic process remains 

small, and the drift term predominantly governs the system's 

behavior. For OOD data, where the system possesses limited 

knowledge, the variance becomes significantly higher, and the 

diffusion term assumes a crucial role.

In summary, the derivation follows the progression: 

Feedforward → ODE → SDE → FSDE (with FBM), reflecting 

a shift in assumptions from deterministic to stochastic and from 

memoryless to memory-aware formulations.

III. COMPUTATION FLOW OF THE PROPOSED FRAMEWORK

Fig. 3 illustrates the computational workflow of the proposed 

framework for machinery RUL prediction and uncertainty 

quantification under multimodal monitoring data. Each 

modality is processed in parallel through a customized subnet, 

where each subnet is governed by its corresponding FSDE. 

Both ID and OOD paths are incorporated, enabling predictions 

with associated AU and EU. Subsequently, these 

modality-specific results are integrated using a weighted fusion 

scheme designed to minimize the overall uncertainty in the 

final predictions. The detailed structure of the framework is 

described as follows.

A. Network construction for each modality

Multimodal data are subject to different sampling principles

and transmission paths during signal acquisition. Therefore, a 

separate processing subnet is constructed for each modality to 

facilitate specific feature extraction. Fig. 4 illustrates the 

architecture of an individual subnet. The monitoring data flow 

is initially processed using a sliding sampling algorithm to 

establish the sequence length dimension. Subsequently, the 

data follow distinct paths in training and prediction modes. In 

training mode, the data are divided into two paths: ID samples 

and OOD samples. ID samples are primarily utilized to update 

the weights of the drift net, along with a portion of the diffusion 

net. Meanwhile, OOD samples contribute to updating the 

diffusion net weights, guiding the model to produce high 

uncertainty. The main structures of the drift net and diffusion 

net are detailed below.

Fig. 4  The processing flow and structure of each modality-specific 
FSDE subnet.

I. Structure of the drift net
The drift net, serving as the main pipeline in the subnet, is

designed to extract the health states of the monitored object. Its 

core unit, the representation distilling block (RDB), is 
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specifically structured to enhance feature extraction. As 

depicted in Fig. 5, the RDB consists of four layers: data 

structuring (DS), short-term localized feature refinement, 

long-term temporal trend exploitation, and downsampling. A 

residual connection is incorporated to capture cross-layer 

information and facilitate gradient flow. Specifically, a data 

sequence 𝐱 is first structured by the DS layer to standardize to a 

comparable scale. Mathematically,

DS(𝐱) = 𝛾scale ⊙
𝐱 − 𝝁̂𝛿

𝝈̂𝛿

+ 𝛾shift (9)

where ⊙ denotes the Hadamard product operator, 𝝁̂𝛿 and 𝝈̂𝛿

are the mean and standard deviation of mini-batch 𝛿 samples, 

respectively, 𝛾scale, 𝛾shift are the learnable scale parameter and

shift parameter, respectively.

Fig. 5  The architecture of RDB in the drift net.

Subsequently, the short-term localized feature refinement 

layer enables the model to extract fine-grained, discriminative 

features. Its structure is introduced mathematically as follows.

Recall that ResNet decomposes a function as:
𝑓(𝐱) = 𝐱 + 𝜅(𝐱) (10)

This decomposition results in an additive combination of a 

linear term and a nonlinear term, leading to coarse feature 

extraction. To enhance information capture, additional terms 

beyond simple addition can be incorporated. For the inference 

function 𝑓(𝑥) at 𝑥 = 𝑥0, applying Taylor expansion yields:

𝑓(𝑥) = 𝑓(𝑥0) + 𝑓′(𝑥0)𝑥 +
𝑓″(𝑥0)

2!
𝑥2 + ⋯ (11)

Here, 𝑓(𝑥) is decomposed into higher-order terms. Thus, 𝐱
can be mapped to its transformed values through a sequence of 

increasingly complex functions, expressed as:

𝐱 → [𝐱; 𝑓1(𝐱); 𝑓2([𝐱, 𝑓1(𝐱)]); … ] (12)
These functions are realized using wavelet convolution. 

Mathematically, the calculation for the 𝑗 -th channel of the 

output 𝑐out for a mini-batch input 𝛿 is formulated as:

𝑠 (𝑐out𝑗
) = (𝐱 ∗𝑑 𝑾) (𝑐out𝑗

) = ∑ 𝐱(𝑘) ∗𝑑 𝑾 (𝑐out𝑗
, 𝑘)

𝑐in

𝑘=1

s. t. 𝑾 = 𝜓𝑏,𝑎(𝑡) =
1

√𝑎
𝜓 (

𝑡 − 𝑏

𝑎
)

(13)

where 𝑾 represents the wavelet kernel weights, ∗𝑑 denotes

dilation with coefficient 𝑑, 𝜓(∙) is the wavelet basis function, 

and 𝑐in and 𝑐out are the input and output channels, respectively.

Wavelet kernel convolution is a promising approach to 

addressing the non-stationarity inherent in monitoring data and 

enabling multi-domain analysis, potentially enhancing model 

performance. Additionally, it facilitates effective 

multi-frequency response and scales efficiently with the 

receptive field size without the risk of over-parameterization. In 

this model, the Morlet wavelet is employed due to its efficiency 

and simplicity.

The long-term temporal trend exploitation layer is designed 

to track the evolution of monitoring data over time, particularly

changes in degradation patterns. Tracking this evolution is 

essential for identifying trends and patterns may be obscured in 

static snapshots. Specifically, the computation flow is 

controlled in a gated manner. For the input 𝐱𝑡 at timestep 𝑡, the

output is given by:

𝒚𝑡 = 𝒚𝑡−1⨀𝒛𝑡 + 𝝓̃𝑡⨀(1 − 𝒛𝑡) (14)
where 𝒚𝑡−1 represents the output from the previous timestep,

𝒛𝑡 is described later, and 𝝓̃𝑡 is the stored state that integrates

multi-resolution and attention mechanisms to effectively 

capture long-range contextual cues. This is formulated as:

𝝓̃𝑡 = HAP(𝝋) + 𝝋

s. t. 𝝋 = Conv1×1([𝒓𝑡 ⊙ 𝒉𝑡−1; 𝒙𝑡] + 𝑝𝑒)
(15)

where  Conv1×1(∙) denotes the 1 × 1 convolution, 𝑝𝑒 is the

positional encoding term, and HAP(∙) denotes the hierarchical

attention pooling (HAP) operation. This operation expands the 

receptive field, allowing the model to integrate information 

from a broader contextual window. First, the input feature maps 

are divided into 𝑏 branches across hierarchical scales. Each 

branch is processed using self-attention and subsequently 

aggregated via a linear transformation. Mathematically, 

HAP(𝝋) = [𝝎1, ⋯ , 𝝎𝑏]𝑾𝝎 (16)

where 𝑾𝝎 ∈ ℝ𝑑𝑣×𝑑𝑣 are the learnable parameters in the linear

transformation, and 𝝎1, ⋯ , 𝝎𝑏 are individually calculated as

𝝎 = softmax(𝑸𝑲T)𝑽, where 𝑸, 𝑲, 𝑽 are the queries, keys,

and values, respectively.

𝒛𝑡 and 𝒓𝑡 function as gates restricted within (0, 1) to perform

convex combinations, which are computed as:

𝒓𝑡 = 𝜍(Conv3×3
𝑠=2[𝒉𝑡−1; 𝐱𝑡], 𝑾𝑟) (17)

𝒛𝑡 = 𝜍(Conv3×3
𝑠=2[𝒉𝑡−1; 𝐱𝑡], 𝑾𝑧) (18)

where 𝜍(∙) is the sigmoid activation function, Conv3×3
𝑠=2(∙)

denotes a convolution operation with stride 𝑠 = 2 and kernel 

size 3 × 3, and 𝑾 corresponds to the respective weight matrix.

The RDB concludes with a downsampling layer that 

aggregates high-level representations and reduces 

computational overhead without compromising signal fidelity.

Downsampling is applied over divided regions, 𝑅, as:
o𝑖,𝑗 = max

(𝑖,𝑗)∈𝑅
 𝒚𝑖,𝑗 (19)

where 𝑅 ⊂ {1,2, … , 𝛶in}2 for each (𝑖, 𝑗) ∈ {1, … , 𝛶out}
2, and the

operation is performed using a specialized stochastic step that 

depends on the target output size.

Multiple RDBs constitute the core module of the drift net, 

progressively refining the health state information embedded 

within the monitoring data. Following this, an MLP-based 

module is employed to smooth the extracted representation and 

project it onto a lower-dimensional space.

II. Structure of the diffusion net
Another essential component in constructing the

modality-specific subnet is the diffusion net. Built upon an 

MLP backbone, it is constrained by the Lipschitz maximum 

restriction [22]. Specifically, the diffusion net adheres to 

Lipschitz continuity, which necessitates the use of 

Lipschitz-compliant nonlinear activation functions, for which 

ReLU is selected. Additionally, to prevent excessively large 

values for OOD samples that could introduce instability during 

optimization, the maximum output of the diffusion net is 

regulated using a sigmoid function and the hyperparameter

𝜀max . Consequently, the diffusion net is represented as
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𝑔́(𝐱𝐵, 𝜽2), where 𝑔(∙)́ = 𝜀max × 𝜍(𝑔(∙)). 𝜀max is initially set to

0.1 and gradually increased to 0.5 at epoch 30.

B. Training paradigm for each subnet

After detailing the structures of the drift net and the diffusion

net, the layer-wise principle for constructing subnets for ID 

samples is derived. By applying Euler discretization to Eq. (8), 

we can obtain:

𝒉𝑙+1 = 𝒉𝑙 + 𝑓(𝒉𝑙 , 𝜽1)Δ𝑙 + 𝑔(𝒉𝑙 , 𝜽2)∆ℬ (20)
where Δ𝑙 = 𝐿 𝑁⁄ represents the step size, 𝑁 is the number of 

stochastic forward passes, and ∆ℬ = ℬ𝑙+1
𝐻 − ℬ𝑙

𝐻 is the

increment of each step, sampled from the FBM.

To streamline the training of each FSDE subnet, the 

objective function is formulated with three components, each 

serving a distinct purpose. The first term penalizes RUL 

prediction error using samples within the known distribution 

(ID). It guides the drift net to regress toward accurate 

predictions. The second term regularizes the diffusion net to 

minimize uncertainty estimates for well-known samples (i.e., 

suppress overestimation on ID data). The last term encourages 

high uncertainty for OOD inputs, enabling the model to 

recognize unfamiliar data and mitigate overconfident 

predictions. The objective function is formulated as follows:
𝒪𝑚 = min

𝜽1

 E𝒙∼𝑃ID
ℒ(𝑥𝐿) + min

𝜽2

 E𝒙∼𝑃ID
𝑔(𝒙, 𝜽2) +

max
𝜽2

 E𝒙̃∼𝑃OOD
𝑔́(𝒙, 𝜽2)

(21)

where 𝐿 denotes the total layers in the subnet, 𝑃ID and 𝑃OOD

represent the distributions of ID and OOD samples, 

respectively, and ℒ(∙) refers to the RUL loss function [14].

Together, these terms enforce an adaptive uncertainty profile, 

improving prediction confidence when appropriate while 

maintaining caution under data mismatch.

C. Uncertainty quantification in each subnet

In the constructed framework, monitoring data from each

modality are processed using a customized subnet. Each subnet 

is responsible for performing RUL prediction and quantitative 

uncertainty modeling. Specifically, for the 𝑚-th trained subnet, 

its prediction 𝜌̂𝑚 is obtained as follows:

𝜌̂𝑚 =
1

𝑆
∑ 𝜌𝑠̂

𝑚

𝑆

𝑠=1

(22)

where 𝑆 represents the number of stochastic forward passes 

during testing, and 𝜌𝑠̂
𝑚

denotes each prediction result.

For uncertainty quantification, as previously discussed, two 

types of uncertainty are considered: AU and EU, where AU is 

computed as:

𝑢𝑎𝑢
𝑚 =

1

𝑆
∑(𝜌𝑠̂

𝑚 − 𝜌̂𝑚)2

𝑆

𝑠=1

(23)

The second type, EU, is determined as the variance of the 

final solution and is given by:

𝑢𝑒𝑢
𝑚 = Var(𝜌𝑆̂

𝑚) (24)

D. Multimodal fusion based on respective uncertainty

Multimodal fusion, a core component of multimodal

learning research, integrates information from multiple 

modalities into a stable, unified representation. In practice, 

factors such as data quality, transmission paths, and sensor 

capacity cause variations in the amount of degradation-related 

information present in monitoring data across different 

modalities. This degradation information typically corresponds 

to the uncertainty associated with each modality. Therefore, a 

dynamic uncertainty-based weighted fusion approach is more 

suitable for module design. In this approach, the fusion process 

dynamically allocates weights based on the uncertainty of each 

modality, assigning lower weights (i.e., lower importance) to 

modality-specific features with higher uncertainty. To achieve 

this, a Lagrange multiplier-based fusion method is developed. 

This fusion approach is explicitly derived through numerical 

optimization, providing interpretability to the fusion process.

Notably, within each subnet, an MLP-based regression 

module is employed to reason predictions and their 

corresponding uncertainty. However, during multimodal fusion, 

the original modality-specific features are directly fused.

Specifically, for 𝑚 -th modality, the corresponding subnet 

provides a prediction 𝜌̂𝑚 along with an associated uncertainty

value 𝑢𝑚, which is computed as:

𝑢𝑚 = 𝛼 ⋅ 𝑢𝑎𝑢
𝑚 + 𝛽 ⋅ 𝑢𝑒𝑢

𝑚 (25)
where 𝛼 and 𝛽 are scaling coefficients that can be adjusted 

based on the application to reflect relative importance. The 

unified representation is then obtained as:

𝒬 = ∑ 𝜔𝑚𝑦̂𝑚

𝑀

𝑚=1

(26)

where 𝜔𝑚 is the weight for 𝑚 -th modality, satisfying

∑ 𝜔𝑚
𝑀
𝑚=1 = 1.

According to the computational law of uncertainty 

propagation [15], when the measurements from each sensor are 

independent, the uncertainty of the final prediction 𝑢∆ is given

by:

𝑢∆ = √𝜔1
2𝑢1

2 + 𝜔2
2𝑢2

2 + ⋯ + 𝜔𝑀
2 𝑢𝑀

2 (27)

where 𝑢1, 𝑢2, ⋯ , 𝑢𝑀 are the uncertainty for each modality.

To simplify computation, the goal of minimizing 𝑢∆ can be

equally substituted for optimizing 𝑢∆
2 . Therefore, the

following function is formulated:

𝐿(𝜔1, ⋯ , 𝜔𝑀 , 𝜆) = ∑ 𝜔𝑚
2 𝑢𝑚

2

𝑀

𝑚=1

+ 𝜆 ( ∑ 𝜔𝑚

𝑀

𝑚=1

− 1) (28)

where 𝜆 is the Lagrange multiplier.

The optimized weights can now be derived by taking the 

partial derivatives with respect to 𝜔1, 𝜔2, . . . , 𝜔𝑀 and setting

them to zero. Thus, the final weight for each modality is:

𝜔𝑚 =
1

𝑢𝑚
2 ∑

1
𝑢𝑚

2
𝑀
𝑚=1

(29)

IV. EXPERIMENTAL VALIDATION

To evaluate the effectiveness and superiority of the proposed 

framework for RUL prediction and uncertainty quantification, 

experimental data from accelerated life-testing of harmonic 

drive reducers (HDRs) for robots are utilized. This section first 

provides data descriptions, followed by data preprocessing 

steps and model configurations. Finally, we present validation 

results, comparisons, and relevant analyses.

A. Data descriptions

HDRs utilize the controllable deformation of a flexible

element to transmit motion and power, offering advantages 

such as high precision and high load capacity. To investigate 

Copyright © 2025 Institute of Electrical and Electronics Engineers (IEEE). Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future 
media, including reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted 
component of this work in other works. See: https://journals.ieeeauthorcenter.ieee.org/becomean-ieee-journal-author/publishing-ethics/guidelines-and-policies/post-publication-policies/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. 
Citation information: DOI: 10.1109/JIOT.2025.3573703, 



IEEE INTERNET OF THINGS JOURNAL

7

their degradation process, a test bench was designed following 

GB/T 30819-2014 and GB/T 40729-2021 standards with two 

Panasonic servo motors. The tested harmonic drive reducers are 

of type WH-CS-32-80-Ⅰ. Fig. 6 illustrates the experimental 

setup and sensor arrangement, while Fig. 7 presents a schematic 

diagram of the transmission chain. In the experimental setup, a

servo motor drives the HDR, which is loaded by another servo 

motor with torque amplified through an RV reducer. During the 

experiment, five types of monitoring data were collected.

Internal current data were recorded via data tracking using the 

OMRON NJ301-1100 PLC. External signals included triaxial 

vibration acceleration data (PCB 356A15), torque data 

(LONGLV WTQ1050B), three-phase current data 

(WBI411N95), and two-channel acoustic emission (AE) data 

(PAC WD). The experimental parameters and descriptions are 

summarized in TABLE I.

Fig. 6  Experimental test bench and sensor installation layout. (a) 
Mechanical connection section. (b) Power control section.

Fig. 7  Schematic diagram of the transmission chain for the test bench.

TABLE I
DESCRIPTIONS OF ACCELERATED LIFE-TESTING OF HARMONIC DRIVE 

REDUCERS.

Conditio
n

Speed - Load
RUL interval 
(recordings)

Train-Test dataset

Cond-1 2000rpm-193.4Nm [39.5, 262] HDR 1-1 HDR 1-2

Cond-2 2000rpm-154.7Nm [21.22, 74]
HDR 2-1 to 
HDR 2-3

HDR 2-4 

Cond-3 1500rpm-154.7Nm [21.08, 122]
HDR 3-1, 

HDR 3-2
HDR 3-3

During the monitoring data collection process, external data 

were sampled at a frequency of 25.6 kHz for a duration of 2.56 

seconds, with an interval of 1 minute between successive 

recordings. Internal and AE data were continuously sampled: 

internal data at a frequency of 2 kHz for a duration of 1 second, 

and AE data at a frequency of 1 MHz for a duration of 0.1 

second. The life-cycle plots for each modality in one sample are 

shown in Fig. 8. As shown in Fig. 8, each modality has a 

different number of channels, distinct datapoints, varied trend 

evolution forms, and considerable heterogeneity. Integrating 

and exploiting degradation-related information from these 

diverse modalities in a realistic manner presents a significant 

challenge.

Fig. 8  The whole life-cycle multimodal monitoring data of HDR 2-1. (a) 
Internal current. (b) Accelerometer in X-axis. (c) Accelerometer in Y-axis. 
(d) Accelerometer in Z-axis. (e) External current in U-phase. (f) External
current in V-phase. (g) External current in W-phase. (h) Torque. (h) AE
in X-axis. (i) AE in Z-axis.

B. Data preprocessing and model configurations

In the data processing pipeline of the proposed method, all

modalities underwent min-max normalization to scale each 

channel to the range [0, 1]. Labels were also normalized using 

the health-degree normalization method to reflect relative 

degradation. Training samples were generated using a sliding 

window algorithm with a window size of 5 and a stride of 1. 

The dataset partitioning is summarized in TABLE I and was 

kept consistent across all models to ensure fair comparison.

During training, popular techniques in the community such as 

early stopping, weight decay, and gradient clipping are 

implemented to prevent overfitting and enhance training 

efficiency. The Adam optimizer is employed with a momentum 

of 0.9, weight decay of 5 × 10−4, and mini-batch size of 64.

Training is conducted for 120 epoch. The initial learning rate for 

the drift net is set to 1e−4 and is reduced after epoch 50, while

the learning rate for the diffusion net is set to 1e−3. The scaling

coefficients 𝛼 and 𝛽 in Eq. (25) are set to 0.6 and 0.4. In 

subsequent experiments, common neural network training 

strategies will be applied to all networks to ensure fair 

comparisons. Each model is trained 20 times to mitigate the 

effects of random errors. Additionally, prediction performance 

is evaluated using two standard metrics, namely, root mean 

square error (RMSE) and mean absolute percentage error 

(MAPE), where lower values indicate better performance.

To implement FBM in our framework, we utilize the 

Davies-Harte method, which is theoretically exact for 

generating discretely sampled FBM. This method efficiently 

generates FBM samples by employing fast Fourier transforms 

to create a circulant embedding of the covariance matrix. 

During network training and inference, each FSDE subnet uses 

these pre-generated FBM increments to model noise with 

long-range dependencies. Specifically, the increment 𝛥ℬ =
ℬ𝑙+1

𝐻 − ℬ𝑙
𝐻 is sampled and scaled by the diffusion net output at

each layer transition. This approach maintains computational 

efficiency while accurately representing the correlated noise 

structure characteristic of industrial machinery degradation 

processes.

C. Experimental results of the proposed framework

Following the above settings, the proposed network was

applied to the five-modality data. Fig. 9 presents the results for 

each working condition. In Fig. 9, firstly, the RUL predictions 

Copyright © 2025 Institute of Electrical and Electronics Engineers (IEEE). Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future 
media, including reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted 
component of this work in other works. See: https://journals.ieeeauthorcenter.ieee.org/becomean-ieee-journal-author/publishing-ethics/guidelines-and-policies/post-publication-policies/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. 
Citation information: DOI: 10.1109/JIOT.2025.3573703, 



IEEE INTERNET OF THINGS JOURNAL

8

and corresponding uncertainty for each timestep are provided. 

The following observations can be made. 1) The proposed 

network demonstrates satisfactory regression performance, 

achieving effective RUL prediction with uncertainty 

quantification across all working conditions. 2) During the 

prediction of each sample, as the model accumulates more 

information regarding health states and degradation cues, its 

prediction performance improves over time. In the critical final 

stage, the model's estimates closely align with actual RUL 

curves. 3) When comparing predictions across different 

working conditions, predictions under Cond-2 exhibit higher 

accuracy and lower uncertainty than those under Cond-1, 

indicating better generalization in data-rich conditions. 

Furthermore, comparing predictions under Cond-2 and Cond-3 

reveals that a longer prediction span presents a greater 

challenge to the model's ability to maintain continuous 

prediction accuracy, even when the number of available 

samples is sufficient.

Notably, the detected anomaly intervals are highlighted in 

Fig. 9, identified by a sudden increase in uncertainty and values 

exceeding twice those of other intervals. The causes of these 

anomalies were also traced. Specifically, under Cond-1, the 

anomaly is attributed to an unusually strong disturbance; under 

Cond-2, it results from data drift at the anomaly point; and 

under Cond-3, it is caused by missing data.

Fig. 9  Prediction results with corresponding prediction intervals, 
highlighting detected anomaly intervals and their causes. (a) Cond-1. (b) 
Cond-2. (c) Cond-3.

Fig. 10  Comparison of prediction results among the four network 
variants and the proposed network, each with a different base unit in the 
drift net.

D. Ablation studies

I. Effectiveness of RDB in modality-specific subnet
To validate the effectiveness of the key component in the

drift net, an ablation experiment is conducted. The basic unit 

RDB in the drift net was replaced while keeping the rest of the 

architecture unchanged. Four network variants were designed 

for this purpose: Convolutional bi-LSTM [23] in Network-1, 

MSAN [11] in Network-2, MSer [24] in Network-3, and 

MCTAN [25] in Network-4. The prediction comparison results 

are presented in Fig. 10.

From Fig. 10, it can be observed that the choice of the basic 

unit in the drift net has a more significant impact on model 

predictions than on uncertainty quantification. This is primarily 

because the drift net's main function is to capture the overall 

trend of model predictions. Specifically, the comparison 

between Network-2 and Network-1 indicates that incorporating 

a multi-scale design and an attention mechanism allows the 

model to extract more localized information about fault 

signatures, thereby improving the accuracy of Network-2 

predictions. The comparison between Network-2 and 

Network-3 further demonstrates that the inclusion of a 

multi-head attention mechanism enhances model performance. 

Additionally, the comparison between Network-2 and 

Network-4 highlights the importance of temporal information 

mining for RUL predictions. Temporal information, which 

tracks data evolution over time, is crucial for improving the 

model's ability to differentiate similar objects in complex 

monitoring scenarios. It also helps to reveal trends and patterns 

that may not be apparent in static snapshots. Based on the 

overall comparison results, the proposed network achieves the 

best prediction performance in terms of both accuracy and 

uncertainty, demonstrating the effectiveness of the constructed 

RDB unit.

II. Advantages of the multimodal fusion module
To evaluate the advantages of the Lagrange multiplier-based

uncertainty-driven multimodal fusion module, four variant 

networks were developed. Network-A utilizes element-wise 

addition for fusion, while Network-B incorporates the temporal 

compact bilinear fusion module [26]. Network-C applies 

multimodal factorized bilinear pooling [27]. The prediction 

results are presented in Fig. 11. 

Fig. 11  Results comparison between four networks with different fusion 
approaches.

As illustrated in Fig. 11, Network-A follows a linear fusion 

strategy. Due to substantial distributional discrepancies among 

modalities, linear models struggle to achieve effective fusion, 

leading to inferior results. In contrast, Networks-B and -C 

employ bilinear pooling with computational optimizations, 

surpassing linear methods in performance. However, 

Network-B exhibits instability, as it relies on high-dimensional 

feature representations for quadratic expansion to ensure 

optimal performance. Network-C mitigates this issue by 

utilizing pair-wise factorized bilinear pooling, transforming 

bilinear operations into Hadamard products computed from 

low-rank weight matrices. Nevertheless, these two networks 

are highly sensitive to data richness. They perform well under 

data-abundant conditions (Cond-2) but struggle to maintain 

reliability under data-scarce conditions (Cond-1). The proposed 

framework, equipped with the uncertainty-based fusion module, 
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outperforms these variant networks. It provides a clear 

optimization objective guided by modality-specific uncertainty, 

enabling the network to emphasize informative modalities 

while suppressing irrelevant ones.

E. Comparison to several state-of-the-art uncertainty
quantification prediction methods

To further verify the key characteristic of the proposed 

network, uncertainty quantification, several state-of-the-art 

(SOTA) networks commonly used in the community were 

constructed for comparison. The first network is a deterministic 

model that utilizes a vision Transformer [28], the second 

network is a deep ensemble model [29], the third network is a 

BNN based [30], and the fourth network employs Monte Carlo 

(MC) dropout [31]. For the deterministic network, predictions

and uncertainty estimates are obtained by averaging predictions

and computing the standard deviation across multiple random

initializations. The prediction results are detailed in TABLE II.
TABLE II

PERFORMANCE COMPARISON OF THE PROPOSED METHOD WITH FOUR 

STATE-OF-THE-ART METHODS

Conditi
on

Metric
Determ
inistic

Deep

Ensemb

le

BNN
MC-dro

pout
Propos

ed

Cond-1

RMSE
50.06±
36.13

53.26±
31.94

89.64±
10.26

59.64±
23.56

49.52±

19.80

MAPE
25.16±

25.89

24.63±

20.68

41.46±

6.46

26.16±

10.46

21.85±

7.57

Cond-2
RMSE

44.16±

28.49

48.26±

26.65

69.26±

8.26

46.59±

9.91

42.17±

8.00

MAPE
17.16±
17.22

18.26±
16.10

39.26±
11.21

20.61±
13.26

15.88±

11.48

Cond-3

RMSE
37.02±
27.99

37.58±
26.79

52.16±
18.16

39.95±
20.69

34.44±

17.66

MAPE
20.46±

16.89

21.09±

16.58

29.99±
12.59

19.62±

15.20

15.05±

13.84

From TABLE II, the following observations can be made. 1) 

the deterministic-type network benefits from the powerful 

capacity of the vision Transformer structure, achieving 

moderately accurate predictions. However, its predictions 

exhibit high volatility, making it difficult to ensure on-site 

accuracy. Without explicit uncertainty quantification, the 

prediction variance fails to directly reflect model uncertainty. 2) 

The deep ensemble network improves average uncertainty 

quantification; however, high uncertainty persists, undermining 

model reliability. 3) In comparison, the BNN exhibits the 

lowest uncertainty, indicating high confidence in its predictions. 

However, its prediction accuracy is not as satisfactory as 

expected, as the model produces many erroneous but 

overconfident results. 4) The MC-dropout network delivers 

reasonably acceptable accuracy and uncertainty. However, the 

model requires extensive training and struggles to converge in 

later prediction stages. Overall, the proposed network leverages 

explicit uncertainty modeling and a well-structured framework 

to achieve consistently superior performance, reducing RMSE

by average 52.22% compared to BNN and 15.69% compared to 

deterministic network, while simultaneously providing reliable 

uncertainty bounds that are 16.67% narrower than those from 

the MC-dropout method.

V. CONCLUSION AND PERSPECTIVE

This paper has presented a new multimodal 

uncertainty-aware RUL prediction framework, developed 

through stochastic model updating. Within this framework, 

data from each modality has been processed in parallel using 

customized FSDE subnets. Each FSDE subnet has regarded 

DNN transformations as state evolutions within a stochastic 

dynamical system, extending model updating from the 

deterministic to the stochastic domain. Different sources of 

uncertainty have been identified as AU and EU, with an FBM 

term introduced to capture EU. Subsequently, 

modality-specific features have been fused using a Lagrange 

multiplier-based multimodal fusion module based on their 

uncertainties. Final predictions, along with corresponding 

uncertainty estimates, have been generated through regression 

reasoning. Demonstrations have been conducted using data 

from accelerated life-testing on HDRs for robots. The results 

have confirmed the framework's effectiveness and superiority 

in RUL prediction, demonstrating its capability for uncertainty 

quantification in both each modality and the final predictions.

While the proposed FSDE-based framework demonstrates 

strong performance, several limitations exist. First, the use of 

modality-specific subnets increases model complexity and may 

challenge real-time deployment in resource-constrained 

environments. Second, the current fusion strategy requires all 

modalities to be present during inference, limiting adaptability. 

Third, FBM sampling introduces additional computational 

overhead. In future work, we aim to explore lightweight 

adaptive fusion modules that can dynamically enable/disable 

modalities, and to investigate online FSDE learning for 

continuous adaptation in evolving environments.
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