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Abstract

Fault diagnosis of the axial piston pump is critical for maintaining the safety and
reliability of modern hydraulic transmission and control systems. Existing deep-
learning fault diagnosis models demonstrate effective performance but fail to generalize
if new fault patterns occur. Simply fine-tuning these models only with newly collected
data leads to the catastrophic forgetting problem, whereas retraining a new fault
diagnosis model with the entire historical data is both resource-intensive and time-
consuming. To address these issues, a novel class-incremental learning method based
on knowledge distillation is proposed for multi-fault diagnosis of the axial piston pump,
which can continually learn new fault patterns and preserve fault diagnosis ability on
old fault patterns with a limited amount of historical data. To mitigate catastrophic
forgetting in subsequent stages, the discrepancy between output-logits of the previous
model and that of the current one is introduced in the incremental learning process.
Additionally, intermediate feature relationships with different important weights are
also employed to further enhance fault diagnosis performance on old fault patterns.
Both the comparison experiment and the ablation experiment demonstrate the
effectiveness of the proposed method.

Keywords: Axial piston pump, class-incremental learning, fault diagnosis, knowledge

distillation

1 Introduction

The axial piston pump serves as a pivotal power component in
advanced hydraulic applications, such as aerospace actuators,
submarine vessels, and mobile machinery, owing to its
superior power density and energy efficiency[1-3]. Ensuring
its reliable operation is paramount to maintaining the stability
and performance of the whole hydraulic transmission and
control system[4]. Nevertheless, uncertain manufacturing and
assembling errors, complex structure, and extreme working
conditions make the axial piston pump prone to various fault
patterns, posing great risks to its reliability and safety in
operation[5]. Therefore, multi-fault diagnosis of the axial
piston pump is significant for both the reliability-oriented
design guidance and the service safety enhancement.

Fault diagnosis techniques for the axial piston pump have
witnessed tremendous progress since deep learning enabled
data-driven fault pattern recognition from an end-to-end
perspective[6-8]. These intelligent fault diagnosis methods
typically rely on building a historical dataset and training a
class-fixed fault diagnosis model for deployment. However, in
practical engineering applications, it is infeasible to gather a
comprehensive dataset that contains all possible fault patterns
in advance due to the complex structure of the axial piston
pump[9]. Consequently, such a class-fixed fault diagnosis
model fails to generalize if new fault patterns arise over time.
While combining the newly collected data with the whole
historical dataset and retraining the fault diagnosis model is
theoretically viable, it is time-consuming, resource-demanding,
and potentially constrained by data privacy. Conversely, fine-
tuning the fault diagnosis model solely with new data leads to
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catastrophic forgetting, dramatically degrading the fault
diagnosis performance on the previously learned fault
patterns[10]. Therefore, it is necessary to develop an effective
multi-fault diagnosis method that preserves knowledge of old
fault patterns while continuously integrating new fault patterns.

To this end, class-incremental learning, a framework ensuring
compatibility with both the old and the new fault patterns,
presents a promising solution. Generally, existing incremental
learning algorithms can be categorized into architecture-
based[11, 12], replay-based[13, 14], parameter regularization-
based[15], and knowledge distillation-based methods[16, 17].
Among them, the knowledge distillation paradigm treats the
previous fault diagnosis model as the teacher model and
initializes a new one as the student model, mitigating
catastrophic forgetting by transferring knowledge from the
teacher to the student[18]. With minimal or even zero
historical data, knowledge distillation-based methods
outperform the parameter regularization-based methods on the
previously learned fault patterns[19]. Learning without
Forgetting (LwF)[16] records the teacher model’s output logits
on new data as the augmented labels, and minimizes the
discrepancy between the student model’s output logits and the
augmented labels without the engagement of historical data.
Incremental  Classifier and Representation Learning
(iCaRL)[17] also follows a similar idea but selects a fixed
amount of prioritized examples from the historical dataset to
further retain previous knowledge. Based on iCaRL, a
Forward-Back Compatible Representation (FBCR)[20]
reserves sufficient embedding space for new patterns to avoid
invading previous knowledge. Though these knowledge
distillation-based methods alleviate the catastrophic forgetting
to some extent through output-layer logits alignment, they
overlook the preservation of the intermediate-layer
representations that encode discriminative fault features,
thereby resulting in suboptimal fault diagnosis performance on
old fault patterns.

Therefore, a novel class-incremental learning method based on
knowledge distillation is proposed for the multi-fault diagnosis
of the axial piston pump. Firstly, a limited number of
exemplars are randomly sampled from the historical dataset,
and new data are progressively added to form the incremental
dataset. Secondly, to tackle the problem of insufficient
preservation of old fault patterns, a knowledge distillation loss
considering both the output-layer logits and the intermediate-
layer representations is specifically designed. Finally, by
minimizing the designed loss between the teacher model and
the student model, the proposed method achieves good fault
diagnosis performance on both the old and new fault patterns.

2 Methodology

The axial piston pump, mainly composed of a shaft, a cylinder
block, a valve plate, a retainer, slipper-piston components, etc.,
is susceptible to multiple fault patterns. In real-world scenarios,
the initial training dataset typically covers only a small number
of fault patterns. With the operation time going on, new fault
patterns that are not presented in the initial training dataset
emerge. To learn these new fault patterns, the fault diagnosis
model is trained incrementally. The overall training process is
split into 7+1 stages. Specifically, Stage 0 is the initial training

for a base model, and Stage 1 ~ Stage T is the incremental
learning to integrate new fault patterns that occur at each stage,
as shown in Figure. 1.
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Figure 1: Overall training process for multi-fault diagnosis

2.1 Dataset construction

Ideally, the training dataset Dy, for the incremental learning
Staget (t=1,2,...,T)1s
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where X is the training dataset for the initial training, X'~
X7 is the newly collected dataset from the incremental Stage
1 to Stage T, respectively, x/ and y/ are training samples and
true labels, respectively, ) is the label space, if j # j', then
V' n)Y/ =, meaning that new fault patterns introduced to
each stage are distinct and non-repetitive, N/ is the number of
training samples contained in X/. N/ is enough large so that
the fault diagnosis model has adequate historical and new
training samples to learn both the old and the new fault patterns.
For the incremental learning Stage t, X°~ X" forms the ideal
historical dataset Hi., , and X"is the newly collected dataset
only containing new fault patterns emerging at Stage ¢.

However, due to limited storage resources and data privacy,
not all the historical data can be recorded in practice. Therefore,
the real-world training dataset D., at the Stage t is revised as

DLy =H, & (3)

Hiw = Hid O(Xi ~P (X, 0)), By (| X0

J=aN"  (4)

where HY, =3, a €[0,1)is a storage ratio on the historical
dataset. Actually, a is a negligible value close to or equal to
0, and a =0 indicates that the fault diagnosis model at the
Stage t is trained solely on newly collected data. According to
(3) and (4), a small subset of exemplars X! is randomly
selected from the historical dataset in a storage ratio of a
while newly collected data is continuously incorporated to

construct the real-world training dataset for the Stage t.

2.2 Model architecture

Denote M as the fault diagnosis model consisting of a feature
extractor F* with L intermediate layers {f/;i=1,2,...,L} and
a classifier C' at the incremental Stage #[21]



The 19th Scandinavian International Conference on Fluid Power, SICFP 25, June 2 — 4, 2025, Linkdping, Sweden

= firomo fio fir(x) Q)
=M (x)=C(F(x))=C(hi) (6)

where - denotes function composition, A € R% is the i-th
intermediate-layer representations, ' € R" is the output-layer
logits, n' is the number of the observed fault patterns until the
Stage t.

In this article, a one-dimensional convolution neural network
(1D-CNN), mainly composed of convolution modules (Conv),
batch normalization, activation function, and a two-layer fully
connected network (FCN), is employed as the fault diagnosis
model. As shown in Figure. 2, all the convolution modules
form the feature extractor F', and the two-layer FCN forms
the classifier C*. Notably, the detailed architecture of the
feature extractor, i.e., the number and the size of the
convolution kernels, the convolution strides, and the paddings,
remains the same during the incremental learning process. The
number of nodes in the input layer of the classifier is
unchanged as well, while nodes for new fault patterns are
progressively added to the output layer.
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Figure 2: Class-incremental learning based on knowledge
distillation for multi-fault diagnosis

2.3 Knowledge distillation loss design

At the incremental learning Stage ¢, the fault diagnosis model
M- is expected to learn new fault patterns and maintain the
capability to diagnose fault patterns learned from Stage 0 to

Stage t-1. Generally, given the training dataset D, , the
common loss is designed as
A exp(J)
Li(y,y5x)==), I(y) log - (7
() =T 20 e

Li=y |
Z(y), :{0 ii);,l=1,2,-.,n‘ ©)

where 7 () maps the true label y to a one-hot vector, Z(y), is
the i-th item in the one-hot vector, and j; is the i-th logitin p'.

Simply optimizing (7) enables A1 to achieve good fault
diagnosis performance on new fault patterns but cannot
guarantee comparable performance on old fault patterns,
probably leading to catastrophic forgetting. Following the
teacher-student paradigm of knowledge distillation proposed
by Hinton[ 18], the fault diagnosis model M~ which has been
well-trained at Stage t-1, serves as the teacher model, and M-
established by adding new nodes at the output layer of the
teacher model, serves as the student model. As shown in
Figure. 2, the knowledge of the teacher model, i.e., the
diagnostic capability for old fault patterns, is transferred to the
student model by aligning the output-layer logits and the
intermediate-layer representations accordingly.

The loss based on output-layer logits is designed as

)= log
exp(pr/e) exp(j/; /€)
= — = -
Z]exp(y;*' /e) Zjexp(y; /¢)

where ¢ is a temperature factor to adjust the softness of the
output logits distribution.

£0 zl’y x (10)
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To further preserve the fault diagnosis performance on
previously learned fault patterns, the loss based on
intermediate-layer representations that encode discriminative
fault features is further introduced

Lo (k= hsx) =" o (1-cos(h b))
Ly (12)
2o\ el

where cos(-) denotes cosine similarity, @; is a weight to
adjust the importance of the i-th intermediate-layer
representations, and @; oci , i.e., representations encoding
higher-level features in the deeper intermediate layer are
attached more importance.

Therefore, the total knowledge distillation loss is designed as
Ei (yui}/?lahl?]’j}[ah[;x) = /lﬁﬁi-l +ARDR +/10Do,(x’)7) ~ Drteal(ls)

where Ai, A&, and Ao are hyper-parameters that balance the
contributions of the three types of loss. By optimizing (13)
with appropriate hyper-parameters, the fault diagnosis model
can effectively retain diagnostic performance on old fault
patterns while learning new fault patterns.

2.4 Class-incremental learning framework

The overall class-incremental learning framework includes
initial training at Stage 0 and class-incremental learning from
Stage 1 to Stage T, detailed in Algorithm 1.

At Stage 0, the fault diagnosis model M’ is optimized
according to (14) and (15).

Ly (v 3"x) == Z(»), logz#

(x,y)~ A" (14)
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(15)

From Stage 1 to Stage T, the fault diagnosis model M- (=1,
2, ..., T) is optimized according to (7) ~ (13) and (16).

argmin £, (y, ; x)
MD

argmin £ (y, j/’*l,h‘*‘,j/’,h’;x),t =12,...T (16)
M/

Algorithm 1 Class-incremental learning method based on
knowledge distillation

Input: Initial training dataset {x?,y?}¥ ~ X°, incremental
stage T, storage ratio a, the number of intermediate
layers L, weights o (i = 1,2,...,L) , temperature
factor ¢, hyper-parameters Au, A&, and Ao, initial
training epoch Ey, incremental learning epoch Ej,
batch size B

1: Initialize M° according to (5) and (6)

2: Define N = N

3: Fore=0,1, ..., E

4. Forb=0,1, ..., N/B-1

5: Calculate £} according to (6) and (14)
6: Optimize M° according to (15)

7: End

8: End

9: Fort=1,2,...,T

10: Initialize M according to (5) and (6)

11: Collect X' and form D:, according to (3) and (4)
12: Update N = |D,‘eal|

13: Fore=0,1, .. E

14: Forb=0,1, ..., N/B-1

15: Calculate £; according to (7) to (13)
16: Optimize M" according to (16)

17: End

18: End

19: End

Output: well-train M’

3 Experiment and Result Analysis

3.1 Experimental setting and fault injection

The test rig is shown in Figure. 3. Specifically, the tested axial
piston pump is HP5V45 with 9 slipper-piston components,
operating under a rated displacement of 45 cm’/r, a rated
rotation speed of 2700 rpm, and a rated discharge port pressure
of 32 MPa. To monitor periodic vibrations of the tested axial
piston pump, a triaxial integrated electronic piezoelectric

accelerometer is mounted at the center of its backend cover.
1- Normal State

2 — Main Shaft Spltne Spalllng 3 Retainer Crack

The sampling frequency is 20 kHz and every 1024 consecutive
sampling points are considered as a training sample.

Test Rig

Axial Piston Pump HP5V45

Figure 3: Test rig

In addition to the normal state, four types of fault patterns
shown in Figure. 4, including main shaft spline spalling,
retainer crack, valve plate scoring, and slipper-piston pair
worn, are injected into the tested axial piston pump by
replacing the normal components, respectively. Their time-
domain vibration signals are depicted in Figure. 5. The fault
injection sequence and dataset description for the proposed
method are detailed in Table. 1 and Table. 2, respectively.

Main Shaft Spline Spalling Retainer Crack

Figure 4: Faulty components

Table 1: Fault injection sequence

Stage Injected Patterns Labels
0 Normal State 1
Main Shaft Spline Spalling 2
1 Retainer Crack 3
Valve Plate Scoring 4
3 Slipper-piston Pair Worn 5

Note: During the initial training and incremental learning process,
labels are mapped into one-hot vectors according to (8) and (9).

4 — Valve Plate Scoring 5 — Slipper-piston Pair Worn
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Figure 5: Time-domain vibration signals



The 19th Scandinavian International Conference on Fluid Power, SICFP 25, June 2 — 4, 2025, Linkdping, Sweden

Table 2: Dataset description for the proposed method

Number of Training Samples |Number of Testing
Stage| 4 =0.005 a=0.01 Samples
New Old | New Old New Old
0 1728 0 1728 0 192 0
1 864 8 864 17 96 192
2 864 12 864 25 96 288
3 864 16 864 33 96 384

Table 3: Detailed architecture of base model

Layer | Kernel Kernel | 1yput | Output [Padding
Size/Strides | Number

Conv 1| 64x1/4x1 4 3x1024| 4x256 31

Conv2| 4x1/2x1 4 4x256 | 4x128 1

Conv3| 4x1/2x1 4 4x128 | 4x64 1

Conv4| 4x1/2x1 4 4%x64 4x32 1

FCN / / 128 2 /

3.2 Comparison experiment with other methods

The detailed architecture of the base model, i.c., the fault
diagnosis model at Stage 0, is illustrated in Table. 3. Model
parameters in this architecture follow the established 1D-CNN
designed for time series input[22]. The input size of Conv [ is
determined by the number of channels and the length of the
input sample. The output size of FCN is determined by the
number of fault patterns at the current stage. The activation
function is LeakyReLU. As mentioned in Section 2.2, the
architecture of Conv 1 ~ Conv 4 remains the same from Stage
0 to Stage 3, while the number of output nodes in FCN
increases progressively according to Table. 1.

At Stage 0, the optimizer is SGD with a momentum of 0.9 and
a weight decay of 10*. The learning rate is 103, the max
training epoch is 20, and the batch size is 48. From Stage 1 to

Stage 3, the proposed method is compared with LwF[16] and
fine-tuning. The optimizer of the proposed method is Adam,
the batch size is 48, the learning rate is 102, the max training
epoch is 150, the temperature factor is 10,
[, ®:,0;5,0,]=[0.05,0.05,0.2,0.7] and [4n, 4z, 0] =[0.5,1,0.5] .
For LwF, the optimizer is Adam, the batch size is 48, the
warm-up rate is 10% and the warm-up epoch is 400, the
learning rate is 10, and the max training epoch is 200. For
fine-tuning, the optimizer is Adam, the batch size is 48, the
learning rate is 102, and the max training epoch is 150. These
training settings are manually configured to ensure that all the
methods are trained to converge and reach a training accuracy
of 100% for fair comparison.

To evaluate the effectiveness of each method, three
performance metrics are defined as follows

At =59 100%,i=1,2,3 (17)
old
. CYI;CV\' .
Al = 22 100%,1 = 0,1,2,3 (18)
Ay = S G 100001 20,1,2,3 (19
Niew + N

where Ci, and Ci, are the number of correctly diagnosed
testing samples of old fault patterns and new fault patterns at
Stage i, respectively, Ni, and Ni., are the number of testing
samples of old fault patterns and new fault patterns at Stage i,
respectively, A/, indicates the fault diagnosis performance on
old fault patterns at Stage i, Ai. indicates the fault diagnosis
performance on new fault patterns at Stage i, and A,
indicates the comprehensive fault diagnosis performance on all
fault patterns at Stage i. All the methods are trained to
converge. The training process is repeated 5 times, and the
average performance metrics are considered as the fault
diagnosis performance. The comparison results are listed in
Table. 4.

Table 4: Comparison experiment results (%)

Stage Prog)o(z)szeg.(l:/(llgt)hod Pro;zgsi(:)%[le)thod LwF Fine-tuning
S 100 100 100 100
0 N 100 100 100 100
Al 55.10+8.28 90.52+11.57 12.08+11.30 0
1 Aoy 100 100 99.58+0.83 100
Al 70.01£5.52 93.08+7.71 41.25+7.58 3333
T 37.01+£14.04 69.44+11.02 7.57+£3.52 0
2 Az, 100 100 97.08+1.38 100
e 52.76£10.53 77.08+8.27 29.954+2.67 25
a 37.86+7.03 69.06+4.25 6.56+5.53 0
3 o 100 100 97.08+1.21 100
Ay 50.29+£5.62 75.25+3.40 24.67+4.53 20
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For new fault patterns, all the methods demonstrate superior
fault diagnosis performance at each stage, where the accuracy
of LwF is slightly lower than 100%, and that of the proposed
method and fine-tuning is 100%.

In contrast, for old fault patterns, all the methods suffer from
different degrees of decline in accuracy, as shown in the Figure.
6. Particularly, the accuracy of fine-tuning drops directly to 0%
at each stage, indicating its poor ability in maintaining fault
diagnosis performance on old fault patterns. LWF outperforms
fine-tuning, with an accuracy of 6.56+5.53% on old fault
patterns and 24.67+4.53% on all fault patterns at Stage 3.
Given a small storage ratio, the proposed method surpasses
LwF and fine-tuning. As the storage ratio increases from 0.005
to 0.01, the accuracy of the proposed method on old fault
patterns and all fault patterns increases by 31.20% and 24.96%,
respectively, at Stage 3. This highlights the significance of
leveraging historical data in the incremental training process.

[

Proposed Method Proposed Method LwF Fine — tuning
(a=0.005) (a=0.01)
100 FT ™ T T
*. . 100 .. _
75+ * *-
—~ | T . 80f N
X S L R TR
2 r 1 .2 eof
< <
25 b 40}
0F — 20
1 | 1 |
Stage 1 Stage 2 Stage 3 Stage 0 Stage 1 Stage 2 Stage 3

(2

©)

Figure 6: Comparison regarding Al, and Ai,
Furthermore, the recalls are calculated at Stage 3 to analyze
the degradation of the fault diagnosis performance for each
fault pattern

R :QXIOO%,i:1,2,3,4,5 (20)
NL
where N', N?, N3, N*, and N° are the number of testing
samples of the normal state, main shaft spline spalling, retainer
crack, valve plate scoring, and slipper-piston pair worn at
Stage 3, respectively, C', C?>, C*, C*, and C* are the
correctly diagnosed testing samples of the normal state, main
shaft spline spalling, retainer crack, valve plate scoring, and
slipper-piston pair worn at Stage 3, respectively, R', R?,
R?*, R*,and R° are the recall of the normal state, main shaft
spline spalling, retainer crack, valve plate scoring, and slipper-
piston pair worn at Stage 3, respectively. R’ indicates fault
diagnosis performance on each fault pattern at Stage 3. The

average recalls at Stage 3 are listed in Table. 5 and visualized
in Figure. 7. The results generally demonstrate a common
trend among all the methods, i.e., as the incremental learning
progresses, fault diagnosis performance degrades more
severely on older fault patterns compared to new ones,
suggesting the catastrophic forgetting phenomenon. However,
two exceptions are observed in the proposed method, i.e., R?
exceeds R* and R* at a storage ratio of 0.005, and R* falls

below both R? and R* at a storage ratio of 0.01.

[ Proposed Method [] LwF

(o= 0.005)

[ Proposed Method
(a=0.01)

[ Fine-tuning

120 F
100

u

R' R* R* R* R*

Recall (%)

[
R RPRR*R R RRRR*R R R*R R'R*

Figure 7: Recalls of injected patterns at Stage 3

3.3 Ablation experiment of the proposed method

To verify the contribution of each type of loss in (13), the
ablation experiment is conducted. Specifically, Ablation 1 sets
[, ,2]=[1,0,0] and Ablation 2 sets [4u,4,%4]=[0.5,0,0.5].
Other training settings are consistent with those described in
Section 3.2. The ablation experiment results are listed in Table.
5, and results regarding A}, and A/, are drawn in Figure. 8.

Similarly, all the methods achieve an accuracy of 100% on
new fault patterns and generally degrade on old fault patterns
during the incremental training process. At a storage ratio of
0.005, ablation 2 and the proposed method always outperform
ablation 1, indicating that aligning the output-logits and
intermediate-representations enhances the capability to
preserve fault diagnosis performance on old fault patterns.
According to Figure. 8(a) and 8(c), the proposed method
performs worse than Ablation 2 on old fault patterns at Stage
2. However, from Stage 2 to Stage 3, the accuracy of Ablation
2 on old fault patterns decreases by 9.86% and 14.97%, at a
storage ratio of 0.01 and 0.005, respectively. While that of the
proposed method only decreases by 0.38% at a storage ratio of
0.01, and even increases by 0.85% at a storage ratio of 0.005.
This indicates that, compared to relying solely on output-layer
logits, joint alignment of both output-layer logits and the
intermediate-layer representations further improves the ability
to retain fault diagnosis performance on old fault patterns.

Table 5: Recalls of injected patterns at Stage 3 (%)

Recall Proz)(;)ieg.(l}gest)hod Prolzzs:(:)%/lle)thod LwF Fine-tuning
R! 3.62 32.79 0 0
R? 68.04 84 0 0
R? 16.17 90.67 4.46 0
R 62.04 75.71 21.13 0
R? 100 100 95.50 100
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Table 6: Ablation experiment results (%)

St a=10.005 a=10.01
%€ | Ablaton1 | Ablation2 | Proposed Method | Ablation1 | Ablation2 | Proposed Method
0 . 100 100 100 100 100 100
S 100 100 100 100 100 100
Alg | 35.42£21.49 | 46.981+10.62 55.101+8.28 71.25+16.25 | 81.87%=13.78 90.52+11.57
1 Al 100 100 100 100 100 100
Al, | 569441433 | 64.651+7.08 70.011+5.52 80.83110.84 | 87.92+9.18 93.081+7.71
| 2840+11.48 | 46.741+8.35 37.01+14.04 69.72+8.51 | 75.90+9.75 69.44+11.02
2 o 100 100 100 100 100 100
Aé, | 46.30%8.61 | 60.051+6.26 52.76+10.53 77.29+6.39 | 81.93%7.31 77.08+8.27
Al | 22761897 | 31.771+4.29 37.86£7.03 65.10£3.40 | 66.04*6.78 69.061+4.25
3 A 100 100 100 100 100 100
Ade | 3821%£7.18 | 45.424£3.43 50.2915.62 72.08+2.72 | 72.83%£5.42 75.251+3.40
"% eoos Ablation | Ablation 2 Proposed Method 9y Joint alignment of the output-layer logits and the
' ' ' ' intermediate-layer representations enhances knowledge
ol ) 96 1  preservation on old fault patterns. Adding the loss item
_ ol |  regarding the output-layer logits boosts the accuracy of the
<.l I proposed method on old fault patterns by 9.01% (a = 0.005)
S <§ 64 4 and 0.94% (a = 0.01), respectively. Further adding the loss
ol 5 i *el item regarding the intermediate-layer representations boosts
*oeel or “*-..__*]  the accuracy of the proposed method on old fault patterns by
0k, i N , *] 6.09% (a=0.005) and 3.02% (a = 0.01), respectively.
Stage 1 S’Zf;z Stage 3 Stage 0. Stage l(b)Stage 2 Swage 3 There is still room for further discussions and enhancements.
oo . ' . (1) Theoretically, the proposed method can simultaneously
learn several fault patterns at every incremental learning stage,
sk 1 er 1 but the case of concurrent faults remains to be empirically
S < explored due to the limited types of fault patterns introduced
S“:: 80 . °V e in this article. More fault patterns of the axial piston pump
< < ol e need to be considered and collected in future work.
[ K ETER )l (2) Hyper-parameters in this article are given manually and
wl %] - % may probably lead to a suboptimal performance in real-world
: : : : scenarios when operating condition changes frequently.
i h i diti h fi 1
Stage 1 Stage 2 Stage 3 Stage 0 Stage 1 Stage 2 Stage 3

()

(d)

Figure 8: Ablation regarding Aiy and Ai,

4 Conclusions

For multi-fault diagnosis of the axial piston pump, a class-
incremental learning method based on knowledge distillation
is proposed to integrate newly emerging fault patterns as well
as preserving fault diagnosis performance on old fault patterns.
Comparison experiment with LwF and fine-tuning, and
ablation experiment around each loss item are conducted to
verify the effectiveness of the proposed method. Main
conclusions are drawn as follows.

(1) Storing only a small portion of historical data can greatly
improve the fault diagnosis performance on old fault patterns.
At Stage 3, increasing the storage ratio from 0.005 to 0.01
boosts the accuracy of the proposed method on old fault
patterns by 31.20%.

Therefore, how to set appropriate hyper-parameters adaptive
to different pumps and operating conditions needs to be
analyzed to achieve a more generalized fault diagnosis
performance.
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