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A Distributional Perspective on Remaining Useful Life Prediction
with Deep Learning and Quantile Regression

Ming Zhang∗, Member, IEEE, Duo Wang, Nasser Amaitik, and Yuchun Xu∗

Abstract–With the rapid development of information and sensor technology, the data-driven remaining useful lifetime (RUL)
prediction methods have been acquired a successful development. Nowadays, the data-driven RUL methods are focused on estimating
the RUL value. However, it is more important to quantify uncertainty associated with the RUL value. This is because increasingly
complex industrial systems would arise various sources of uncertainty. This paper proposes a novel distributional RUL prediction
method, which aims at quantifying the RUL uncertainty by identifying the confidence interval with the cumulative distribution
function (CDF). The proposed learning method has been built based on quantile regression and implemented from a distributional
perspective under the deep neural network framework. The results of the run-to-failure degradation experiments of rolling bearing
demonstrate the effectiveness and good performance of the proposed method compared to other state-of-the-art methods. The
visualization results obtained by t-SNE technology have been investigated to further verify the effectiveness and generalization
ability of the proposed method.

Index Terms—Distributional RUL prediction, Deep Learning, Quantile Regression, Uncertainty, Rolling Bearing.

I. INTRODUCTION

Prognostics and health management (PHM) techniques play
a vital role in the condition-based maintenance of large in-
dustrial equipment, which could prevent unexpected failure
and reduce downtime to achieve the purposes of saving
maintenance cost, maximizing the working time, safety and
reliability [1], [2]. The remaining useful lifetime (RUL) pre-
diction is generally known as estimating the time before the
machine completely fails and is used to support PHM in
producing reasonable maintenance plans and strategies [3]–
[6]. Therefore, it is imperative that the RUL prediction method
provide a precise estimation. However, prediction of future
conditions and precise RUL are significantly challenging from
the massive data obtained from the operating systems due to
the increasing complexity of industrial equipment.

As one of the advanced RUL methods, the model-based
methods have proved their effectiveness in many studies [7]–
[9]. They rely on accurate physical laws and knowledge of the
degradation process for the machine system. However, it is
very difficult to build an accurate physical degradation model
in many industrial applications. The performance, robustness
and generalization of the model-based prediction model would
be significantly decreased because of the more and more
complex of the modern industry [2], [4].

Meanwhile, the current real-world industrial system has
been turned into a data-rich environment with the development
of the Internet of Things (IoTs). The data-driven methods
of RUL prediction have been widely investigated and ap-
plied based on the massive monitoring data, for instance,
vibration, current, temperature etc. As one of powerful data-
driven approaches, deep learning has been proposed to develop
RUL prediction algorithm in recent years and achieve great
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results, for instance, deep neural network (DNN) [10], deep
belief network (DBN) [11], [12], convolutional neural network
(CNN) [13]–[16], long short-term memory (LSTM) [17]–[20]
and their combinations [21], [22]. Moreover, some special
deep models, such as the deep adversarial neural networks [23]
and normalizing flow embedded sequence-to-sequence model
[24], have been developed for estimating RUL. Differently
from the model-based approaches, the degradation models
within these data-driven methods are independent of the prior
knowledge and it could be learned from the available data.
Therefore, they are easier to use and capable of handling the
large industrial machine prediction problem whose degradation
model is too complex to establish.

Nevertheless, these methods focus on estimating the RUL
value without considering the various types of uncertainty
inherent in the degradation process. These uncertainties need
to be carefully considered in order to arrive at reliable and
accurate predictions of the RUL values. This is always the case
for RUL prediction in industrial applications [25]. Therefore,
quantifying the uncertainty of RUL would be as important
as estimating the RUL value. Moreover, predicting RUL
with confidence interval could support human-expert making
maintenance decisions more comprehensively. Recently, there
are limited data-driven approaches considering the uncertainty
in the RUL prediction process. Wang et al [26] proposed to use
variational inference for quantifying the uncertainty of RUL
prediction after training the recurrent convolutional neural
network. Zhao et al [27] built a probabilistic RUL prediction
framework and used the probability density function (PDF) as
the quantified uncertainty. Pang et al [28] proposed a Bayesian
inference model for updating the posterior distributions of
model parameters and calculating the confidence interval for
uncertainty.

However, the existing approaches can not directly quantify
the uncertainty of RUL, and they still need to implement
further processing in order to identify the uncertainty inter-
val. In traditional data-driven RUL learning algorithms, the
primary focus is to train the model based on the RUL value
as the label, but it discards the label information of the RUL
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uncertainty. The main motivation of this paper is to introduce
a new data-driven method that takes full advantage of utilising
RUL uncertain information to support the learning procedure.
Inspired by the idea that there are more benefits to learning
an approximate distribution rather than an approximate value
[29], we propose a new distributional remaining useful life
prediction method with a deep neural network and quantile
regression. The proposed method could directly output the
cumulative distribution function (CDF) and calculate the con-
fidence interval for estimating the uncertainty of RUL. The
main contributions are summarized as follows:

1) The distributional learning method has been proposed
for distributional RUL prediction and implemented by
quantile regression optimization. The quantile regression
loss has been deduced following the theory of the
Wasserstein metric, which is designed to calculate the
divergence of inverse CDF between parameterized and
target distribution.

2) The proposed distributional RUL prediction method has
been implemented by using the deep learning frame-
work with the learning method from a distributional
perspective. With the support of the quantile distribution
and Dirac delta function, it could directly quantify
uncertainty and calculate the confidence interval.

3) The novel quantile Huber loss (QH-loss) function has
been designed and utilized to optimize the proposed
deep model of distributional RUL prediction by the
stochastic gradient descent (SGD) method. It combines
the advantages of quantile regression loss and Huber
loss. The comparison experiment demonstrates that QH-
loss is outperforming the typical MSE and MAE.

4) The effectiveness and performance of the proposed
method have been verified using the run-to-failure degra-
dation experiment of rolling bearing under different
working conditions. The visualization results demon-
strate the high generalization ability for the proposed
method with different feature mapping.

II. THEORETICAL FRAMEWORK OF PROPOSED METHOD

Firstly, we define the new distributional RUL prediction
problem. To solve this problem from the data-driven perspec-
tive, we deduce the learning method from a distributional
perspective according to quantile regression optimization. The
Wasserstein metric is the theoretical basis for constructing the
quantile regression.

A. Definition of Distributional RUL Prediction

For the classical RUL prediction, the theoretical formula is:

Y = f(X|θ), (1)

where, Y denotes the ground truth RUL value, X denotes
the observation, f denotes the prediction function with the
parameter θ. The output of (1) is the RUL value. However,
we expect to output the quantified uncertainty in this work.
Therefore, we redefine a new distributional RUL prediction,
which could directly output RUL uncertainty as a distribution
function. The specific definition is to replace the RUL value

Y with a certain distribution of Z whose expectation is the
value Y :

Y := E[Z(X)] = E[F (X|θ)]. (2)

This equation also defines that such distribution Z could be
characterized by the conditional distribution function F with
parameter θ.

B. Wasserstein Metric

Wasserstein metric is used as the evaluation method for two
different distributions, which has the mathematic property of
continuous and differentiable almost everywhere [30]–[32]. It
is the basic theory for deducing the quantile regression loss
function. Muller et al [33] take it as the metric of Lp on inverse
cumulative distribution function (inverse CDF). Therefore, the
Wasserstein metric Wp can be defined as:

Wp(Y,U) = (

∫ 1

0

|F−1Y (q)− F−1U (q)|pdω)1/p, (3)

where, for a random variable Y , the inverse CDF F−1Y of q is
expressed as follows:

F−1Y (q) := inf{y ∈ R : q ≤ FY (y)}, (4)

where FY (y) = Pr(Y ≤ y) is the CDF of random variable
Y .

C. Learning from Distributional Perspective

The proposed method is going to predict the quantiles of
the target distribution, where qi = 1/N , for i = 1, ..., N .
So, it is called a quantile distribution ZQ, which has a fixed
N . The discrete values derived from its CDF are τ1 ..., τN ,
where τi = i

N for i = 1, ..., N , these also represent the
cumulative probabilities with a certain distribution. Then, the
quantile distribution Zθ ∈ ZQ projects the observation x to a
probability distribution supported by the parameterized model
θi(x), which is defined as:

Zθ(x) :=

N∑
i=1

δθi(x), (5)

where, δz is a Dirac delta function at z ∈ R. This reformu-
lation allows us to learn the distributional prediction model
by using the Wasserstein metric and implement it by quantile
regression [34].

1) Quantile Projection
The distributional learning is projected to a parameterized

quantile distribution optimizing, it quantifies the projection of
a random distribution Z ∈ Z into ZQ, which is expressed as:

arg min
Zθ∈ZQ

W1(Z,Zθ). (6)

Assume that Y is the bounded target distribution and U
is a quantile distribution based on the Dirac delta function,
shown in (5), with the support z1, ..., zN . Accordingly, the
Wasserstein metric is:

W1(Y,U) =

N∑
i=1

∫ τi

τi−1

|F−1Y (ω)− zi|dω. (7)
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Fig. 1. The architecture of distributional RUL prediction.

When the τi−1, τi ∈ [0, 1] with τi−1 < τi, if F−1 is the
inverse CDF, then F−1((τi−1 + τi)/2) is always a valid
value, meanwhile, if F−1 is continuous at (τi−1 + τi)/2, then
F−1((τi−1 + τi)/2) is the unique value. Therefore, we use
the quantile midpoints which is τ̂i = (τi−1 + τi)/2 where
1 ≤ i ≤ N , then minimizing W1(Y,U) is obtained by
zi = F−1Y (τ̂i)

2) Quantile Regression
Quantile regression or conditional quantile regression could

approximate the quantile function of distribution or condi-
tional distributions, which is an effective method to solve
the distributional learning problem [35]. The parameterized
distributional model would be trained by minimizing the
quantile regression loss, which is defined as:

LτQR := EẐ∼Z [ρτ (Ẑ − z)], where
ρτ (u) = u(τ − δ{u<0}),∀u ∈ R.

(8)

z : {z1, z2, ...zN} denotes the values of the quantile function
F−1Z (τ), where τ ∈ [0, 1]. This objective function is convex
and asymmetric, which could control overestimation errors
with weight coefficient τ and underestimation errors with 1−τ
during the training procedure [34].

III. IMPLEMENTATION OF PROPOSED METHOD WITH DEEP
LEARNING FRAMEWORK

In this section, we implement the distributional RUL predic-
tion method according to the theoretical framework of distri-
butional learning which is proposed in Section II. The overall
architecture of our proposed distributional RUL prediction

model is shown in Fig. 1. The data-driven RUL prediction
framework is generally divided into three steps after acquiring
the data: (1) constructing the labels based on the health
indicators, (2) training the prediction model of RUL with the
labeled data, and (3) testing the performance of the optimized
model by using the unseen data.

In the first step, the RMS feature is selected as the health
indicator, and then the FPT is determined. The Labelling for
the normal period is constant, and the linearly decreasing func-
tion is built for labelling the degradation period. The training
step uses the data from the degradation period of vibration
and their labels. The deep neural network is used as the
estimating function to directly output the quantile distribution.
The new quantile Huber loss has been proposed to optimise
the parameter of the deep neural network. After the training
process, the total new unseen test data including the normal
and degradation period of vibration data are directly put into
the deep model. As the outputs are the quantile distributions,
we can directly obtain the RUL confidence interval for every
time period.

A. FPT Determination and RUL Labelling Method

In order to construct the labels of bearing data, the first
prediction time (FPT) should be first determined. In this work,
we follow the simple and effective way proposed in [16] to
calculate the FPT. The mean µ and standard deviation δ are
calculated from the early normal period of the root mean
square (RMS) of each vibration sample. The FPT is confirmed
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when the feature RMS value ft−µ successive outside the 3δ,
which can be expressed as follows:

|ft+i − µ| > 3δ (9)

where, i = 0, 1, 2 and only if all these sequence features ft+i
satisfied the (9), the current time t would be set as FPT. As
shown in Fig. 2 (a) and (b), the FTP is determined to 74
based on the proposed mthod for the original vibration signal
of overall period of lifecycle.

Once the FPT has been decided, the ground truth RUL
label for the overall life cycle could be shaped in a segmental
linear function, which is shown in Fig. 2 (c). It consists of
two periods: (1) the normal period is a constant, and (2) the
degradation period is a linearly decreasing function, which
represents the life percentage of a machine. As one of the
RUL labelling methods, it is a simple and effective way and
has been proposed in many studies [13], [16], [36], [37]. For
this kind of labelling method, only the labeled degradation date
is used for training the prediction model. It should be noticed
that the FPT could affect the performance of the prediction
model. Therefore, comparing experiment has been carried out
in Section IV-D for demonstrating the effects.
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Fig. 2. FPT determination and ground truth RUL labelling with the proposed
method.

B. Proposed Network Structure

After obtaining the ground true RUL labels of training data,
the deep neural network has been proposed as the foundation
of the distributional RUL prediction model. As shown in
Fig. 1, the labeled data is used for training the proposed
model, then the model would be directly tested by the unseen
data. There are two parts in the network structure, including
featuring mapping with parameter θFM and predictor with
parameter θPD. The feature mapping is designed to extract
the essential features of original sequence data. These features
are learned during the training process and presented in
high-level representation in each layer. The basic block is
convolution layer [38] or its advanced variants [39], [40]. The
performance and effects of different kinds of basic blocks have

been compared and analyzed in Section IV-E. Meanwhile, the
predictor is designed to output the RUL distribution directly,
and it consists of two linear layers and the ReLU activation
function. Different from the typical RUL structure based on a
neural network taking one node in the final layer, we propose
to take N nodes in the final layer, which represent the N
quantile midpoints τ̂i of the target CDF, where 1 ≤ i ≤ N .

C. Learning Procedure

During the training procedure, the stochastic gradient de-
scent is used to optimize the parameters θFM and θPD in the
proposed deep neural network structure. In this work, a new
quantile Huber loss (QH-loss) is proposed and built based on
the quantile regression loss of (8) and typical Huber loss [41].
The Huber loss is defined as:

Lκ(u) =


1

2
u2 if |u| ≤ κ

κ(|u| − 1

2
κ) otherwise

(10)

then the QH-loss has been designed as the combination of the
Huber loss and quantile regression loss, that is:

ρκτ (u) = |τ − δu<0|Lκ(u). (11)

However, the ground truth RUL label y is a value, but
a distribution function should be the target distribution for
calculating the QH-loss. As a result, we design the CDF of
target distribution FZ(z|y) based on y by using the Gaussian
distribution function, which is:

FZ(z|y, σ) =
1

σ
√

2π

∫ z

−∞
exp(− (t− y)2

2σ2
) dt. (12)

Finally, the QH-loss LQH for the proposed distributional RUL
prediction network can be calculated by:

LQH =

N∑
i=1

E[ρκτ̂i(F
−1
Z (τ̂i)− P (M(τ̂i|x)))], (13)

where, M denotes the feature mapping, P denotes the pre-
dictor, then P (M(τ̂i|x)) denotes the output of quantile dis-
tribution at every quantile τ̂i. The learning procedure of our
distributional RUL prediction model has been summarized in
Alg. 1.

Algorithm 1 Learning Procedure
Require: source data X , mini-batch size m, training steps n, learning rate

α.
1: Initialize the parameters θFM and θPD .
2: for epo = 1, . . . , n do
3: Sample mini-batch {xi, yi}mi=1 from X
4: Build target distribution FZ(z|y, σ) based on y
5: Calculate the inverse CDF F−1

Z (τ̂i)
6: θFM , θPD ← θFM , θPD − α∇LQH
7: end for
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D. Measure Indicators

In this paper, the prediction performance of the RUL model
is quantitatively evaluated using the mean absolute error
(MAE), root mean square error (RMSE) and R2 score, which
are:

MAE =
1

Q

Q∑
i=1

|ŷi − yi| (14)

RMSE =

√√√√ 1

Q

Q∑
i=1

(ŷi − yi)2 (15)

R2 = 1−
∑Q
i=1(ŷi − yi)2∑Q
i=1(ȳ − yi)2

(16)

where, Q is the number of testing samples, ŷi denotes the
predicted RUL value, yi denotes the true value of RUL (label),
and ȳ denotes the mean of all the true RUL value.

IV. EXPERIMENTS

A. Data set Description

The data set was acquired from the testbed built by the Xi’an
Jiaotong University (XJTU), which is designed for degradation
experiment of rolling bearing [42]. As shown in Fig. 3, the
testbed is composed of a controller for motor speed and loader
force and a test bench body with motor, spindle, support,
experimental bearing and loader. The test bearing is installed
on the outside of the test bench and the loader is directly forced
on the outer race of the bearing. The vibration signal across
the whole life cycle of the test bearing is collected by two
accelerometers (PCB 352C33) which are located on the house
of the bearing at 12 and 9 o’clock positions. The experiments
have been conducted under three different conditions, the
bearing type is LDK UER204 ball bearing. The detailed pieces
of information of all experiments and their actual lifetimes
are summarized in Table I. The vibration data of each run-to-
failure bearing experiment has been recorded every minute, the
sampling frequency is 25.6 kHz and the length of each sample
is equal to 32, 768 (approximate 1.28s). Three bearings of the
overall life cycle vibration signal for three different conditions
are shown in Fig. 4.

TABLE I
DETAILED INFORMATION OF THE DATASET.

Condition Bearing Actual lifetime Force Speed

1

1 123 min.

12 kN 2100 rpm2 161 min.
3 158 min.
4 52 min.

2

1 491 min.

11 kN 2250 rpm2 161 min.
3 533 min.
4 42 min.

3

1 2496 min.

10 kN 2400 rpm2 371 min.
3 1515 min.
4 114 min.

Controller

Motor Bearing 
Support

Loader

Spindle Accelerometers

Experimental 
bearing

Fig. 3. XJTU testbed of bearing degradation experiment.

B. Data Preprocessing

1) Normalization
As shown in Table I, the experimental actual lifetimes

indicate that there are significant variations even under the
same working conditions. To reduce a certain amount of
difference, we first use the z−score method to normalize the
overall life cycle vibration signal for each bearing experiment,
the normalization equation is defined as follows:

x̂ti =
xti − µi
δi

(17)

where, x̂ti and xti are the normalized vibration signal and
original vibration signal at time t of ith set of experiment,
respectively; µi and δi are the mean value and standard
deviation of ith set of experiment, respectively. Furthermore,
it is obvious that we couldn’t directly use the actual lifetime
values as the target labels because the huge gap of the actual
lifetimes varies from 42 to 2496 minutes. Therefore, we
normalize the actual lifetime at every collection point in the
range of [1, 0] by the following equation:

yti =


1 if t ≤ FTPi
ActLifei − t

RULi
if FTPi < t ≤ ActLifei

(18)

where, yti denotes the normalized ground truth RUL value;
ActLifei is the actural lifetime of ith set of experiment. In
this work, we use the normalized yti as the label for training the
proposed model. Then, the predicted RUL value PredRULti
can be calculated by:

PredRULti = ŷti ×RULi (19)

where, ŷti is the predicted normalized RUL value from the
deep model.

2) FPT Determination
Based on the proposed FPT determination method, we cal-

culate the FPT for each bearing of three different conditions.
The RUL is calculated by using the actual lifetime minus
FPT. The results for all experiment scenarios are shown in
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Fig. 4. Original vibration signal of three run-to-failure bearing experiments during the overall life cycle.

Table II, and the unit is minutes. Moreover, the average time
of normal and degradation period for three conditions has
been computed, the results are displayed in Fig. 5, which
indicate the average lifetime of the experimental bearing will
be significantly influenced by the normal period by the varying
force and speed.

TABLE II
FPTS AND RULS.

Condition
Bearing (min.)

1 2 3 4

1
FPT 74 55 108 34
RUL 49 106 50 18

2
FPT 452 46 314 30
RUL 39 115 219 12

3
FPT 2348 341 1417 5
RUL 190 30 98 109

A
v
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e 
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ti

m
e 

(m
in

.)

Fig. 5. Actual Lifetime Statistic Analysis.

C. Implementation Details

The proposed deep neural network structure is shown in
Table IV, which consists of feature mapping and predictor.
In the predictor, there are two layers, the first one is linear
layers with 128 nodes following with ReLU function and

TABLE III
DEFAULT HYPERPARAMETERS OF THE PROPOSED METHOD.

Hyperparameters Value

Learning rate 0.001
Batch size 32

Maximum epochs 1000
Hidden size 128

Nτ 33
QH-loss factor κ 1.0

Target distribution factor σ 0.2

another linear layer with Nτ nodes is the direct output of
the quantile distribution of the Dirac delta function. The
CNN-base is selected as the feature mapping, which has five
convolution blocks proposed in [43]. This structure is used
in the following experiment section for demonstrating the
proposed distributional RUL prediction. Other kinds of feature
mappings included in Table VII, VIII and IX of the Appendix,
and the state-of-the-art methods have been tested and analyzed
in section IV-E. In the present work, each sample has 2560
points drawn from the original vibration signal at each minute,
which has been considered as the input of the proposed model.
The sampling method of vibration signal is following [44] to
regsegment each original vibration with certain overlapping.
Meanwhile, only the labeled date of degradation period is used
for training, but the whole period of unseen data would be
tested and analyzed.

All the experiments are tested on a computer with one
Nvidia GeForce GTX 2060 GPU, one Intel Core i7-10750 H
CPU of 2.60 GHz and 16 GB of memory. The default values
of hyperparameters are given in Table III.

D. Distributional RUL Prediction Using Proposed Method
In order to demonstrate the performance of the proposed

method, three experiment scenarios have been decided to test
the distribution RUL prediction model firstly. As shown in
Table V, Bearing-1 of each condition is selected as the unseen
data for testing, while the rest of Bearing 2, 3, and 4 are set
to the training data.

1) Results and Analysis
The results of prediction RUL distribution are shown in

Fig. 6, and the quantified indicators of three scenarios can
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Fig. 6. Results of distributional RUL prediction for unseen test scenarios.
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TABLE IV
DETAILS OF NETWORK STRUCTURE WITH CNN-BASE AS FEATURE

MAPPING.

Block Layer type Kernel Stride
Channels

in out

Fe
at

ur
e

M
ap

pi
ng

1

Convolution 64× 1 16× 1

1 16ReLU

Max Pooling 2× 1 2× 1

2

Convolution 3× 1 1× 1

16 32ReLU

Max Pooling 2× 1 2× 1

3

Convolution 3× 1 1× 1

32 64ReLU

Max Pooling 2× 1 2× 1

4

Convolution 3× 1 1× 1

64 64ReLU

Max Pooling 2× 1 2× 1

5
Convolution 3× 1 1× 1

64 64ReLU

Pr
ed

ic
to

r

Fu
lly

C
on

ne
ct

ed Flatten

Linear 576 128

ReLU

Q-distribution Linear 128 Nτ

TABLE V
EXPERIMENT SCENARIOS FOR TESTING DISTRIBUTION RUL PREDICTION.

Condition Training Data Test Data

1
Bearing-2
Bearing-3
Bearing-4

Bearing-1

2
Bearing-2
Bearing-3
Bearing-4

Bearing-1

3
Bearing-2
Bearing-3
Bearing-4

Bearing-1

be found in Table VI. In Fig. 6, the colour of each time
step is determined by the output of the proposed model. The
blue represents the normal condition of the bearing, while
the red means the bearing is close to the end of its lifetime.
The visualization results of distributional RUL indicate that
the proposed method can predict not only the RUL value but
also the uncertainty at each time step with high performance.
All vibration data in the normal period are predicted with a
high RUL confidence interval, especially for the second and
third scenarios, which is shown in Fig. 6 (b) and (c). For the
degradation period of the unseen testing data, the learned deep
model can directly identify the decreasing process without any
support from data and its label within the testing scenarios.
The prediction of the first scenarios shown in Fig. 6 (a) has
more fluctuations, the reason is that it was running in the
harshest working condition. The prediction are more stable
in Fig. 6 (b) and (c). From the selected CDF prediction at
the degradation process, it can be noticed that the confidence
interval will reduce with the RUL value close to zero. Based on

the results, it is obvious that the optimized model can predict
the normal period accurately, the essential rule of degradation
period has been learned from the other three training datasets,
and the uncertainty reduces as the RUL decrease. The trained
deep model didn’t see any data from the testing scenarios
during the training process, but it still perform very well.
This result demonstrates that the proposed method can learns
the essential function under the same condition, which proves
its generalization capability. Fig. 7 shows the QH-loss and
the three measure indicators (MAE, RMSE, R2) during the
training procedure. It indicates that the new QH-loss can
effectively converge and the plausibility of using this loss as
the evaluation criterion.

Epochs Epochs

Epochs Epochs

Fig. 7. QH-loss and three measure indicators during the training procedure.

2) Comparison with Different Loss Functions
In order to further analyse the proposed QH-loss, the

typical MSE and MAE loss and QH-loss with different Nτ
are selected for comparison. When using MSE, MAE and
QH-loss (1), only one linear node is set to the last layer,
while the QH-loss (33) and (97) mean that 33 nodes and
97 nodes are in the last layer, respectively. We use R2 as
the comparison index because it is a normalized index only
reflecting the performance but wouldn’t vary with the number
of the actual lifetime. The results are shown in Fig. 8, which
demonstrate that the QH-loss performs significantly better than
MSE and MAE under the same structure, and more Nτ can
not only predict the distributional RUL but also lead to better
performance.

3) Comparsion with Different FPTs
The proposed method could be obviously affected by the

FPT. The reason is that we only use the degradation period
data to optimize the deep model and the FTP determines
the start point of the degradation period. Therefore, the data
of three unseen test scenarios are selected as examples for
studying the impact of FPT. The current FPT for this situation
is following Table II. Based on the current FPT, we move
the FPT proportionally between the normal period and the
degradation period, then retrain the model and calculate the
R2 for the test data. The results are shown in Fig.9 (b) and
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Loss functions

Fig. 8. R2 of the different loss functions and different quantile numbers of
proposed QL-loss.

(c), which indicates that the proposed FPT determination is
reasonable and the performance of the proposed model will
drop dramatically with moving away from the current FPT.
Meanwhile, the FPT show no major effect on the performance
during the normal period of the first scenarios, shown in Fig. 9
(a). However, the FPT is still sensitive during the degradation
process.

E. Comparison with Other Data-Driven Methods and Dif-
ferent Feature Mapping Structures

In this section, more experiments have been conducted for
comparison and analysis. While one bearing is selected for
testing, the rest three bearings’ data under the same condition
are used for training.

For comparison with the state-of-the-art data-driven RUL
prediction methods, TFR-CNN [14] combining the wavelet
transform (WT) processing the degradation data with multi-
scale CNN and MEF-CNN [16] combining short-time Fourier
transform (STFT) with multiscale CNN have been selected.
Meanwhile, following the typical data-driven RUL prediction
research [13], we also select DNN and LSTM as the bench-
mark method for a fair comparison. Comparing the results
shown in Table VI between the proposed model of CNN-
base structure and the benchmark methods, it is obvious that
our proposed method is significantly superior according to the
three quantified indicators.

To further study the advantages and disadvantages of
the proposed method, other three different feature mapping
structures have been selected compared with the CNN-base
structure. The detailed structures of CNN-3, ResNet-5, and
DenseNet-5 are summarized in Table VII, VIII, and IX, re-
spectively. CNN-3 has three convolution basic, two blocks less
than CNN-base. ResNet-5 and DenseNet-5 have five blocks
similar to CNN-base, but they are following the structure of
ResNet [39] and DenseNet [40]. The quantified results are
shown in Table VI, which illustrates the proposed method

Times (min.)
(a) Bearing-1 of Condition-1

Times (min.)
(b) Bearing-1 of Condition-2

Times (min.)
(c) Bearing-1 of Condition-3

Fig. 9. R2 of different FPTs for three unseen test scenarios.

need feature mapping to have enough complexity of high-
level representation so that the essential features could be
learned during the training process and the obtained model
can perform outstandingly. The results demonstrate that CNN-
base has obtained good performance. Compared with ResNet-
5 and DenseNet-5, it has a more simple structure and fewer
parameters. Therefore, the training speed will be much quicker
using the same computer hardware.

F. Feature Visualization Analysis

For further investigating the effectiveness of our proposed
method and explaining the performance of various feature
mappings on the run-to-failure bearing experiments, the fea-
tures of the linear layer before the output layer are used for
visualization. We use the t-SNE [45] technique to compress
these high-dimensional features into two-dimensional visual
images.

The test scenario of bearing-1 of condition-2 has been
chosen as the supporting example for investigation. The vi-
sualization results are shown in Fig. 10, the colour bar is
changing from 0 (red) to 100 (blue), which represents the

This article has been accepted for publication in IEEE Open Journal of Instrumentation and Measurement. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/OJIM.2022.3205649

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER < 10

TABLE VI
QUANTITATIVE RESULTS OF OTHER DATA-DRIVEN METHODS AND DIFFERENT FEATURE MAPPING STRUCTURES.

Condition 1 Condition 2 Condition 3

Bearing 1 2 3 4 1 2 3 4 1 2 3 4

DNN
MAE 19.588 35.519 21.010 7.421 18.428 36.845 86.805 5.118 90.761 14.182 46.972 28.462

RMSE 20.958 39.655 22.169 7.873 18.671 41.453 93.072 5.375 91.898 14.373 47.479 32.846
R2 −0.914 −0.247 −1.379 −1.084 −7.868 −0.166 −0.895 −1.402 −8.856 −7.639 −10.270 −0.005

LSTM
MAE 19.729 35.522 20.955 7.378 18.456 36.682 85.784 5.077 90.480 14.219 46.630 28.411

RMSE 21.125 39.621 22.104 7.829 18.698 41.077 91.785 5.329 91.613 14.412 47.129 32.769
R2 −0.944 −0.245 −1.365 −1.060 −7.894 −0.144 −0.843 −1.361 −8.795 −7.685 −10.105 −0.001

TFR-CNN [14]
MAE 21.075 41.900 23.879 7.801 18.961 37.100 89.404 5.252 94.510 14.311 48.402 26.816

RMSE 22.658 46.718 25.298 8.301 19.217 42.288 96.226 5.498 95.723 14.504 48.922 31.931
R2 −1.237 −0.731 −2.098 −1.316 −8.394 −0.213 −1.025 −1.513 −9.693 −7.797 −10.966 0.050

MFE-CNN [16]
MAE 19.105 35.142 21.167 7.525 18.846 37.321 84.193 4.988 90.854 14.478 47.511 28.224

RMSE 20.393 39.130 22.327 7.998 19.100 42.129 90.010 5.233 91.995 14.675 48.047 32.485
R2 −0.812 −0.215 −1.413 −1.150 −8.281 −0.204 −0.772 −1.276 −8.877 −8.005 −10.542 0.016

CNN-3
MAE 5.911 23.454 5.525 6.664 0.677 12.989 17.902 1.013 11.141 1.655 3.625 24.698

RMSE 7.391 27.221 8.042 6.968 1.634 17.725 28.924 1.661 19.650 2.355 5.002 29.497
R2 0.762 0.412 0.687 −0.633 0.932 0.787 0.817 0.770 0.549 0.768 0.875 0.189

CNN-base
MAE 4.269 16.270 4.901 2.336 0.857 12.371 21.067 0.851 5.478 0.470 2.119 20.848

RMSE 6.161 23.838 8.251 3.222 1.488 16.709 30.553 1.520 15.737 1.021 3.617 23.314
R2 0.835 0.549 0.670 0.651 0.944 0.811 0.796 0.807 0.711 0.956 0.935 0.494

RseNet-5
MAE 3.643 16.551 2.662 2.926 0.814 11.708 18.557 0.711 5.908 0.929 3.584 17.700

RMSE 5.532 21.747 4.698 3.782 1.743 15.150 30.467 1.405 18.272 1.401 5.273 21.162
R2 0.867 0.624 0.893 0.519 0.923 0.844 0.797 0.835 0.610 0.918 0.861 0.583

DenseNet-5
MAE 3.128 13.792 3.200 4.054 0.863 10.363 17.678 0.855 4.578 0.725 1.549 19.265

RMSE 5.220 18.801 5.837 4.570 1.804 13.050 28.441 1.550 17.109 1.257 3.396 21.795
R2 0.881 0.719 0.835 0.298 0.917 0.884 0.823 0.800 0.658 0.934 0.942 0.557

(a) Training of CNN-3 (b) Test of CNN-3 (c) Training of CNN-base (d) Test of CNN-base

(e) Training of ResNet-5 (f) Test of ResNet-5 (g) Training of DenseNet-5 (h) Test of DenseNet-5

1 12 23 34 45 56 67 78 89 100

0.0 0.2 0.4 0.6 0.8 1.0

norm = 
.Normalize(clip=False)
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norm = .NoNorm()

0.0 0.2 0.4 0.6 0.8 1.0
0

1

0.0 0.2 0.4 0.6 0.8 1.0
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0.0 0.2 0.4 0.6 0.8 1.0
0

1

Fig. 10. t-SNE visualization results of the proposed method with different structures of feature mapping under the test scenario of bearing-1 of condition-2.

normalized ground truth RUL label yti but it has been adjusted
form [0,1] to [0,100] by multiplied 100 and rounded to integer
in order to better view. The various feature visualization
results of training data, shown in Fig. 10 (a), (c), (e), and
(g), demonstrate that the models have been trained well
enough because the labeled features are changing from 100
to 0 regularly and there is no obvious misgrading. The high
generalization ability of the proposed method has been proved
by the results of the unseen test scenario, shown in Fig. 10
(b), (d), (f), and (h). Although the learned model never sees
the test data during the training process, it can still recognize
the various degree of degradation clearly. These visualization

results confirm the quantified results in Table VI, verifying
the outstanding effectiveness and generalization ability of the
proposed method. The visualization figures of training show
the rule of gradual change which indicates that the deep model
is capable of learning the essential features, otherwise, the
feature will be mixed together irregularly. This proves the
effectiveness of the proposed method. The test visualization
figures demonstrate a similar rule to the training figures, which
verifies that the learned model has good generalization ability
and can effectively predict the unseen testing scenarios.
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V. CONCLUSION AND DISCUSSION

In this paper, a distributional RUL prediction method has
been proposed, which is capable of directly estimating the
RUL uncertainty using the deep neural network framework
and quantile regression loss of distributional learning. The
proposed approach has been verified in the real run-to-failure
bearing experiments under three different working conditions.
The main conclusions are summarised as follows:

1) After the training procedure, the proposed model can
directly predict the RUL value and uncertainty at each
time step for the unseen test scenario. Meanwhile,
the novel QH-loss can quickly converge and lead the
optimization to obtain the best model.

2) In comparison with the state-of-the-art data-driven RUL
prediction methods, the proposed model shows better
performance and generalization capabilities.

3) In order to obtain better performance, more convolution
blocks or the advanced ResNet block and DenseNet
block should be used to construct the deep neural
network framework.

4) The feature visualization can prove that the model has
been trained well. These results also verify the out-
standing performance and generalization ability of the
proposed method for the unseen test scenario.

The performance of the proposed method has been verified
by a series of experiments and comparisons. However, there
are still certain future directions that can be further investi-
gated to promote and expand the current research, which is
summarized as follows:

1) The FPT has been proved as one of the impact factors
for the performance of the proposed method. However,
the current work only uses a simple and effective way,
and it can possibly be improved by more advanced FPT
determination and RUL labelling method in the future
to calculate a more reasonable FPT for the run-to-failure
bearing experiment.

2) The impact of different kinds of feature mapping struc-
tures has been studied. However, the constructed way of
building the optimal structure should be further investi-
gated when the data information is unknown in advance.

3) Currently, our proposed method has been tested in the
unseen test scenario, but the working condition of train-
ing and test data is still consistent. To further promote
the generalization ability, we will extend it to different
working conditions.

APPENDIX

The structures of CNN-3, ResNet-5, and DenseNet-5 has
been designed for making comparison with different feature
mapping structrues are shown in Table VII, VIII, and IX,
respectively. The comparison results and analysis are sum-
marised in section IV-E.

TABLE VII
DETAILS OF FEATURE MAPPING STRUCTURE OF CNN-3 [44].

Block Layer type Kernel Stride
Channels
in out

Fe
at

ur
e

E
xt

ra
ct

or

1
Convolution 5× 1 2× 1

1 16ReLU
Max Pooling 2× 1 2× 1

2
Convolution 3× 1 2× 1

16 32ReLU
Max Pooling 2× 1 2× 1

3
Convolution 3× 1 2× 1

32 64ReLU
Max Pooling 2× 1 2× 1

TABLE VIII
DETAILS OF FEATURE MAPPING STRUCTURE OF RESNET-5.

Block Layer type Kernel Stride
Channels

in out

Fe
at

ur
e

E
xt

ra
ct

or 1
Convolution 7× 1 2× 1

1 16ReLU
Max Pooling 3× 1 2× 1

2 ResNet Block 16 32
3 ResNet Block 32 64
4 ResNet Block 64 64
5 ResNet Block 64 64

R
es

N
et

B
lo

ck B
as

e
la

ye
r

Convolution 3× 1 1× 1

Nin NoutBatchNorm
ReLU

Convolution 3× 1 1× 1
Nout Nout

BatchNorm

M
at

ch
L

ay
er Convolution 1× 1 1× 1

Nin Nout
BatchNorm

Sh
or

tc
ut

C
on

ne
ct

io
ns if Nin = Nout: y = F (x,Wi) + x

else: y = F (x,Wi) +Wsx

Where: Wi is Base Block and Ws is the Match Block
ReLU y = ReLU(y)

This article has been accepted for publication in IEEE Open Journal of Instrumentation and Measurement. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/OJIM.2022.3205649

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER < 12

TABLE IX
DETAILS OF FEATURE MAPPING STRUCTURE OF DENSENET-5.

Block Layer type Kernel Stride
Channels

in out

Fe
at

ur
e

E
xt

ra
ct

or

1

Convolution 7× 1 2× 1

1 64
BatchNorm

ReLU

Max Pooling 3× 1 2× 1

2
DenseNet Block 64 96

Transition layer 96 48

3
DenseNet Block 48 80

Transition layer 80 40

4
DenseNet Block 40 72

Transition layer 72 36

5 DenseNet Block 36 68

D
en

se
N

et
B

lo
ck

D
en

se
L

ay
er

BatchNorm

Nin
N
g
r
×
N
b
n

ReLU

Convolution 1× 1 1× 1

BatchNorm

N
g
r
×
N
b
n

NgrReLU

Convolution 3× 1 1× 1

D
en

se
C

on
ne

ct
io

ns xl = Hl([x0, x1, ..., xl−1])

where [x0, x1, ..., xl−1] refers to the concatenation

of the feature-maps produced

in each layer

Tr
an

si
tio

n
la

ye
r

BatchNorm

N
in

+
lN
g
r

N
i
n
+
lN
g
r

2

ReLU

Convolution 1× 1 1× 1

Average Pooling 2× 1 2× 1
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