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Abstract: Axial piston pumps are key components in hydraulic systems and 
their performance significantly affects the efficiency and reliability of hydraulic 
systems. Many data-driven approaches have been applied to the fault  
diagnosis of axial piston pumps. However, few studies focus on the 
performance degradation assessment that plays an important role in the 
predictive maintenance for axial piston pumps. This paper proposes a hybrid  
model-driven and data-driven approach to assess the health status of axial 
piston pumps. A physical flow loss model is established to solve for the flow 
loss coefficients of the axial piston pump under different operating conditions. 
The flow loss coefficients act as feature vectors to train a support vector data 
description (SVDD) model. A health indicator based on SVDD is put forward 
to quantitatively assess the pump health status. Experimental results under 
different pump health conditions confirm the effectiveness of the proposed 
method. 

Keywords: axial piston pump; health assessment; model-driven; data-driven; 
support vector data description; SVDD. 
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1 Introduction 

Axial piston pumps are widely used in industry applications, ranging from construction 
machinery and marine equipment to agricultural machinery and aerospace. They serve as 
the ‘heart’ of hydraulic systems to supply other hydraulic components with pressurised 
fluid by converting rotating mechanical energy into hydraulic power (Chao et al., 2022b). 
Their operational performance directly affects the efficiency and reliability of the overall 
hydraulic system. The faults and failures of axial piston pumps may lead to downtime of 
equipment with hydraulic systems and increase of maintenance costs, or even cause huge 
economic losses and catastrophic safety hazards. Therefore, it is urgent and necessary for 
axial piston pumps to perform an effective condition-based maintenance, so as to meet an 
ever increasing requirement on reliability and safety of hydraulic systems. 

A well-scheduled condition-based maintenance greatly depends on the capability of 
fault detection and diagnosis. The fault detection aims to detect the failure occurrence as 
early as possible while the fault diagnosis attempts to identify the fault location and type 
as accurately as possible (Dai and Gao, 2013). During the last few decades, the fault 
diagnosis of axial piston pumps has been the subject of interest in hydraulic community. 
The fault diagnosis methods for axial piston pumps can be divided into three main 
categories (Dai and Gao, 2013): model-based, signal-based, and data-driven methods. 
The model-based method establishes mathematical models to assess the health status of 
axial piston pumps by identifying the physical parameters, such as leakage flow rate 
(Wiens and Fernandes, 2019) and discharge pressure ripple (Palazzolo et al., 2008). The 
signal-based method involves no complex physical model and it often uses  
signal processing techniques, such as time-domain analysis (Tang et al., 2021a), 
frequency-domain analysis (Wang et al., 2019; Gao et al., 2021) and time-frequency 
analysis (Wu et al., 2021), to extract features and detect symptoms related to the pump 
faults. The data-driven method usually employs machine learning algorithms, especially 
deep learning algorithms, to learn implicit knowledge from a huge amount of historic 
data. Many researchers have introduced deep learning algorithms into the fault diagnosis 
of axial piston pumps, including one-dimensional convolutional neural network (CNN) 
(Chao et al., 2020a) two-dimensional CNN (Chao et al., 2020b, 2022a; Tang et al., 
2021b, 2022a, 2022b), long short term network (Wei et al., 2021), and generative 
adversarial network (Jiang et al., 2021). 

A thorough overview of the current literature shows that deep learning methods have 
achieved impressive diagnostic performance in the field of axial piston pumps. However, 
the majority of previous studies focused on the fault classification of axial piston pumps 
and few studies have been done on their health assessment. For the condition monitoring 
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of axial piston pumps, the health assessment should deserve more attention than the fault 
classification in practical applications. This is because:  

a the health assessment enables one to take preventive measures to avoid pump failure 
as early as possible by monitoring the pump performance degradation 

b it offers quantitative basis for making maintenance decisions. 

Therefore, this paper proposes a hybrid model-driven and data-driven method to assess 
the health status of axial piston pumps. First, the flow loss model for axial piston pumps 
is developed to solve for the flow loss coefficients. Then, these flow loss coefficients are 
fed into a support vector data description (SVDD) model to calculate the pump health 
index. Finally, experiments are performed on an axial piston pump operating under 
different health conditions to validate the proposed health assessment method. 

2 Machine description 

Figure 1 shows a cross-sectional view of a swash-plate type axial piston pump. The 
working parts of the pump are enclosed in a sealed housing and end cover, among which 
the rotating kits are supported by two tapered roller bearings at shaft ends. The cylinder 
block accommodates an odd number of pistons in a circular array at equal intervals about 
its centreline. A ball-and-socket joint connects each pair of piston to a slipper, which 
allows the slipper to rotate around the piston ball. The slippers are held against the 
inclined swash plate while the cylinder block is held against the stationary valve plate. 
The spring nested in the cylinder block provides a preload on the retainer (through a set 
of pins and a ball guide) and cylinder block to keep a reasonable clearance between the 
slippers and swash plate and between the cylinder block and valve plate. The shaft drives 
the cylinder block together with the piston-slipper assemblies to rotate against the valve 
plate, during which the slippers slide on the swash plate and force the pistons to 
reciprocate in the cylinder bores. In the meantime, variable displacement chamber 
volumes form between the cylinder bores and pistons. The displacement chamber 
volumes increase to receive low-pressure fluid through one opening in the valve plate 
when the pistons are pulled out of the cylinder bores. Alternatively, the displacement 
chamber volumes decrease to discharge high-pressure fluid through the other opening in 
the valve plate when the pistons are pushed into the cylinder bores. As a result, the 
combined effect of all displacement chambers produces a continuous delivery flow. The 
volumetric displacement of the pump can be regulated by adjusting the swash-plate angle 
through the control valve and variable piston. 

Three main lubricating interfaces form between movable parts in the axial piston 
pump, including the slipper/swash plate interface, the piston/cylinder block interface, and 
the cylinder block/valve plate interface. These lubricating interfaces are key design 
elements for axial piston pumps. They act as sliding bearing and gap sealing between 
movable parts and represent the sources of leakage from the displacement chambers to 
the pump housing. The wear of lubricating interfaces is one of main failure modes for 
axial piston pumps, especially the abrasive wear due to fluid contamination. The worn 
lubricating interfaces increase the gap height between movable parts, and thus increasing 
leakage flow of axial piston pumps. 
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Figure 1 Cross-section of a swash-plate type axial piston pump 

 

3 The proposed method 

The delivery flow rate of an axial piston pump is influenced not only by the health status, 
but also by the operating conditions including inlet and outlet pressures, rotational speed, 
volumetric displacement, and fluid temperature. This means that the reduction in delivery 
flow rate may result from increased outlet pressure rather than increased gap height due 
to wear. In this case, it is critical to find an indicator independent of operating conditions 
to reflect the health status of axial piston pumps. The flow loss coefficients are a function 
of the geometrical dimensions of axial piston pumps and can reflect their wear 
conditions. Specifically, the wear of movable parts will increase gap height and leakage 
flow in the lubricating interfaces. Moreover, the flow loss coefficients of axial piston 
pumps are almost unaffected by operating conditions. Therefore, they can represent the 
pump’s flow losses due to lubricating interface wear even under variable operating 
conditions. 

Figure 2 illustrates how the proposed method assesses the health status of axial piston 
pumps. The basic idea behind the proposed method is to compare the feature distributions 
between healthy and monitored pumps. In the first step, healthy signals are collected at 
different operating points, including inlet and output pressures, oil temperature, rotational 
speed, and delivery flow rate. The flow loss equation uses these healthy signals to solve 
for a set of flow loss coefficients. The flow loss coefficients act as feature vectors to train 
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a SVDD model, generating an optimal decision hypersphere under healthy condition. In 
the second step, the testing signals are collected from the monitored pump in a similar 
way and their feature distances relative to the hypersphere centre are calculated. Finally, 
each feature distance is transformed into a health index ranging from 0 to 1.0, where 
higher health index represents more healthy status of the pump. 

Figure 2 Flowchart of the proposed method for health assessment of axial piston pumps 
(see online version for colours) 

 

3.1 Flow loss model 

The performance degradation of axial piston pumps can be reflected by their flow losses 
(Geng et al., 2021). The flow losses of an axial piston pump consist of compression loss 
and leakage loss, where the latter flow loss can be subdivided into laminar leakage loss 
and turbulent leakage loss (Mettakadapa et al., 2015). The compression loss occurs in the 
displacement chambers due to fluid compressibility and periodic switch between high 
and low pressure sides. The leakage loss mainly occurs in the lubricating interfaces. 

The total flow loss of an axial piston pump can be determined by the difference 
between ideal and actual delivery flow rates (Manring, 2016; Załuski, 2022). 

1 2 3
Δ Δ Δ

g
ω p p pωV Q κ κ κ
β μ ρ

′ ′ ′− = + +  (1) 

where ω is the rotational speed, Vg is the volumetric displacement, Q is the actual 
delivery flow rate, Δp is the pressure difference between outlet and case drain ports, μ is 
the fluid dynamic viscosity, ρ is the fluid density, β is the fluid bulk modulus, 1κ′ , 2κ′ , 

3κ′ , and are the respective coefficients of compression loss, laminar leakage, and 
turbulent leakage. 

To obtain dimensionless flow loss coefficients, equation (1) is rewritten as 
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Assume that a total of n groups of measurement data are available. The flow loss 
coefficients in equation (2) can be solved by the following matrix function (Manring, 
2016): 



2/3
1 1 1 1 1 1 11 1 1 1

12/3
2 2 22 2 2 2 2 2 22

2

3
2/3

Δ Δ Δ

Δ Δ Δ

Δ Δ Δ
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  



 (3) 

The fluid dynamic viscosity at certain temperature in equation (3) can be empirically 
expressed by Geng et al. (2021) 

( )0 1 2exp Δμ μ c p c T= −  (4) 

where μ0 is the reference dynamic viscosity, p is the fluid pressure, ΔT is the increase in 
fluid temperature, c1 is the pressure coefficient of 0.02, and c2 is the temperature 
coefficient of 0.03. 

Each row in matrix P and column vector Q represents a group of measurement data. 
The column vector K containing flow loss coefficients is the only unknown variable in 
equation (3). Equation (3) involves a typical multivariate linear regression and the 
analytical solution of K can be obtained by least square method. 

T 1 T( )−=K P P P Q  (5) 

3.2 Support vector data description 

SVDD a typical one-class classification method, which was first developed by Tax and 
Duin (1999, 2004). Compared with other classification methods, it does not need to 
assume the probability distribution of target data (Cha et al., 2014). SVDD has been 
widely used in novelty detection (Wang et al., 2013), fault diagnosis (Duan et al., 2016), 
and health assessment (Zhang et al., 2021). 

The training process of SVDD is to find a set of support vectors determining an 
optimal hypersphere boundary of the target data in feature space. The enclosed 
hypersphere with centre a and radius R should contain the training samples within its 
minimum volume (i.e., minimum radius). This is a constrained optimisation problem that 
can be defined as 

2
, , 1

2 2

min

. .  ,  0,  1,  2,  ...,  

i

N

i
a R ζ i

i i i

R C ζ

s t x a R ζ ζ i N
=

+

− ≤ + ≥ =

  (6) 

where xi is the ith sample vector from the training dataset, N is the total number of training 
samples, ζi is the slack variable of the ith sample vector, and C is the penalty factor. 

The constrained optimisation problem in equation (6) can be transformed into an 
unconstrained counterpart by Lagrange multiplier approach. 
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( )22 2
, , , 1 1 1

min max
i i i

N N N

i i i i i i
a R ζ λ γ i i i

R C ζ λ x a R ζ γ ζ
= = =

+ + − − − −    (7) 

where λi ≥ 0 and γi ≥ 0 are the Lagrange multipliers. 
Solving equation (7) yields the hypersphere centre as follows:  

1

N

i i
i
λ

=

=a x  (8) 

The hypersphere radius can be determined by the distance between one of support vectors 
xv and the hypersphere centre. 

( )2
v v v v

1 1 1
2

N N N

i i i j i j
i i j

R λ λ λ
= = =

= − = ⋅ − ⋅ + ⋅ x a x x x x x x  (9) 

For a test sample vector xt, its distance D relative to the hypersphere centre is given by 

( )2
t t t t

1 1 1

2
N N N

i i i j i j
i i j

D λ λ λ
= = =

= − = ⋅ − ⋅ + ⋅ x a x x x x x x  (10) 

This work adopts the Gaussian RBF kernel as the kernel function to calculate the dot 
products in equations (9) and (10). 

1( , ) ( ) ( ) exp
2

K φ φ  = ⋅ = − − 
 

x z x z x z  (11) 

where K(⋅, ⋅) represents the kernel function and φ(⋅) represents an implicit function 
mapping the data in input space into a higher-dimensional feature space. 

Recognising that K(xv, xv) = K(xt, xt) = 1, equations (9) and (10) can be rewritten as 

( ) ( )v
1 1 1

1 2 , ,
N N N

i i i j i j
i i j

R λ K λ λ K
= = =

= − + x x x x  (12) 

( ) ( )t
1 1 1

1 2 , ,
N N N

i i i j i j
i i j

D λ K λ λ K
= = =

= − + x x x x  (13) 

3.3 Health index 

To represent the health status of axial piston pumps, a dimensionless health index (HI) is 
constructed based on the distance from the hypersphere centre to the test sample. 

( )( )t

2
1 exp

HI
φ

=
+ −α x a

 (14) 

where α is a positive degradation factor that controls the sensibility of HI to the pump 
performance degradation. 

Equation (14) suggests that the HI ranges from 0 to 1 and the maximum value of 1 
indicates a perfectly healthy condition for the monitored pump. The HI increases when 
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the test sample approaches the hypersphere centre. It achieves the maximum value of 1 
when the test sample is located at the hypersphere centre. 

4 Experimental investigation 

To validate the proposed health assessment method, experiments were carried out on an 
open-circuit swash-plate type axial piston pump (L10VSO71) by a hydraulic test rig, as 
shown in Figure 3. The electric motor drove the tested pump to receive hydraulic oil from 
the charge pump. The heater kept the temperature of supplied hydraulic oil at 50 ± 2℃ 
during the pump operation. The inlet pressure of the tested pump was controlled at 1.6 ± 
0.1 bar by a proportional relief valve. The load on the tested pump was simulated by 
another proportional relief valve. Several sensors were used to monitor the pump 
conditions. The torque/speed sensor measured the rotational speed and input torque of the 
pump shaft. Two pressure sensors were separately installed at the inlet and outlet lines to 
measure the pump’s inlet and outlet pressures. In addition, two flow metres were 
separately mounted at the outlet and drainage lines to record the delivery and leakage 
flow rates. A temperature sensor was used to monitor the temperature of supplied 
hydraulic oil. 

Experimental data were collected when the tested pump operated at a full 
displacement but at different rotational speeds and outlet pressures. Specifically, the 
rotational speed increased from 500 r/min to 2,000 r/min with an increment of 500 r/min 
and the outlet pressure increased from 5 MPa to 20 MPa with an increment of 5 MPa. 
Therefore, there were a total of 16 operating points for the tested pump. The control unit 
was responsible for implementing various combinations of rotational speed and outlet 
pressure. At each operating point, the data acquisition unit collected monitoring signals 
for 30 s at a sampling frequency of 1000 Hz, including the rotational speed, input torque, 
inlet and outlet pressures, delivery and leakage flow rates, and oil temperature. 

The pump was tested under healthy and faulty conditions. The faulty cases were 
created by intentionally assembling one or more defective pistons inside the pump. 
Compared with normal piston Figure 4(a), the defective piston Figure 4(b) had three 
artificial scratches on the contact surface along the axial direction, which were distributed 
uniformly in the circumferential direction. The scratches were obtained by an electro 
discharge machining operation and each of them were 0.2 mm in both width and depth. 

The dataset were collected at four different levels of pump health status by replacing 
normal pistons with defective ones. Figure 5 illustrates the layout of normal and defective 
pistons in the cylinder block for each health status, where more defective pistons means 
worse pump health status. The tested pump was first equipped with nine normal pistons 
Figure 5(a) and the healthy data were collected at 16 operating points. After that, the 
tested pump was disassembled and one of its normal pistons was replaced by a defective 
piston Figure 5(b). The data were collected from the faulty pump equipped with one 
defective piston under the same operating conditions. Similarly, we obtained datasets 
from the faulty pump equipped with four defective pistons Figure 5(c) and nine defective 
pistons Figure 5(d), respectively. Figure 6 shows an overall view of the rotating group of 
the faulty pump containing nine defective pistons. 
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Figure 3 (a) Hydraulic circuit schematic (b) Test rig for axial piston pumps (see online version 
for colours) 

 
(a) 

 
(b) 
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Figure 4 Comparison between (a) normal piston and (b) faulty piston for the tested pump  
(see online version for colours) 

 

Figure 5 Layout of healthy and defective pistons in the cylinder block: (a) all nine normal 
pistons; (b) one defective piston; (c) four defective pistons; (d) all nine defective pistons 
(see online version for colours) 

 

Figure 6 Rotating group of the faulty pump containing nine defective pistons (see online version 
for colours) 
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5 Results and discussion 

Figure 7 presents an example of discharge flow rates for different levels of pump health 
status at an outlet pressure of 20 MPa and a rotational speed of 1000 r/min. More 
defective pistons represent more serious degradation of pump performance. The fluctuant 
discharge flow (also called kinematic flow ripple) arises from the combined effects of a 
finite number of pistons that periodically communicate with the suction and discharge 
ports of the valve plate. It can be observed in Figure 7 that the discharge flow rate 
decreases with the number of defective pistons assembled into the tested pump. This is 
mainly because the defective pistons increase the gap height in piston/cylinder block 
interfaces and thus increasing the leakage flow rates, as shown in Figure 8. Compared 
with the healthy pump, the leakage flow rate of faulty pump rises by 11.7%, 23.5%, and 
59.3%, respectively, when the number of defective pistons increases to one, four, and 
nine. 

Table 1 summarises the average and standard deviation of the monitoring parameters 
at an outlet pressure of 20 MPa and a rotational speed of 1000 r/min. For each level of 
health status, the average discharge pressure and rotational speed are close to 20 MPa and 
1000 r/min, respectively, and their small standard deviations suggest a steady state of the 
operating pump. The oil temperature is kept around 50℃ for each level of health status to 
reduce the temperature effects on the flow characteristics. As expected, more defective 
pistons lead to larger average leakage flow rate and thus smaller average delivery flow 
rate. In addition, the healthy pump has a smaller standard deviation of delivery flow rate 
than faulty pumps, which indicates that defective pistons increase the discharge flow 
ripple. This finding corresponds to the waveform results in Figure 7, where the healthy 
pump experiences a smaller fluctuation of discharge flow than faulty pumps. By contrast, 
Table 1 and Figure 8 show that the fluctuation of leakage flow appears to be less sensitive 
to the degradation of pump performance. 

Figure 7 Discharge flow rates for different levels of health status (outlet pressure = 20 MPa, 
rotational speed = 1,000 r/min) (see online version for colours) 
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Figure 8 Leakage flow rates for different levels of pump health status (outlet pressure = 20 MPa, 
rotational speed = 1,000 r/min) (see online version for colours) 

 

Table 2 compares the flow loss coefficients between four levels of pump health status 
under the same operating conditions. Each flow loss coefficient increases with the 
number of defective pistons. Among the three flow loss coefficients, the one associated 
with the laminar leakage is larger than the other two flow loss coefficients. This can be 
explained by the fact that the flow losses in the axial piston pump are dominated by the 
laminar leakage (Nie et al., 2021; Kroneis et al., 2022). The flow loss coefficient of 
laminar leakage is also found to be most sensitive to the pump performance degradation. 
This founding agrees with the experimental design because the artificial scratches on the 
piston increase the laminar leakage by increasing local fluid film thickness between the 
piston and cylinder block. The comparison of each flow loss coefficient between different 
levels of health status shows that the flow loss coefficient is less sensitive to the incipient 
performance degradation. In other words, the increase in flow loss coefficient may be too 
small to be detected by the SVDD model when the tested pump has only one defective 
piston. 
Table 1 Measured parameters under steady operating conditions for different levels of pump 

health status (outlet pressure = 20 MPa, rotational speed = 1000 r/min) 

Level of health 
status 

Delivery 
flow rate 
(L/min) 

Leakage 
flow rate 
(L/min) 

Rotational 
speed 

(r/min) 

Discharge 
pressure 
(MPa) 

Oil 
temperature 

(℃) 
Healthy 71.2 ± 0.23 3.07 ± 0.03 1000 ± 1 19.6 ± 0.2 49.6 ± 0.2 
One defective 
piston 

70.9 ± 0.32 3.43 ± 0.03 1000 ± 1 20.2 ± 0.4 48.9 ± 0.4 

Four defective 
pistons 

70.7 ± 0.25 3.79 ± 0.03 1000 ± 1 19.8 ± 0.3 49.8 ± 0.4 

All nine 
defective pistons 

69.7 ± 0.31 4.89 ± 0.03 1000 ± 1 20.1 ± 0.4 49.5 ± 0.4 
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Table 2 An example of flow loss coefficients for different levels of pump health status 

Level of health status κ1 κ2 κ3 
Healthy 1.95 × 10–17 8.85 × 10–9 6.69 × 10–18 
One defective piston 1.97 × 10–17 8.95 × 10–9 6.74 × 10–18 
Four defective pistons 2.15 × 10–17 9.78 × 10–9 7.36 × 10–18 
All nine defective pistons 2.51 × 10–17 11.36 × 10–9 8.57 × 10–18 

In practical industrial applications, healthy data are more readily available for axial piston 
pumps than faulty data. Therefore, the SVDD model is first trained by healthy data and 
then tested by data from four levels of health status, as shown in Table 3. The healthy 
data are divided into two parts and they serve as training and testing datasets, 
respectively. Each sample fed to the SVDD model represents a group of flow loss 
coefficients that have been solved by the flow loss equations. 

Figure 9 compares the feature distances of testing samples relative to the hypersphere 
centre between different levels of pump health status. It can be seen that the feature 
distance becomes greater when the tested pump contains more defective pistons. This 
means that the testing samples run away from the hypersphere centre in the  
high-dimensional feature space when the pump performance degrades. Therefore, the 
feature distance of test samples can be used to represent the health status of the monitored 
pump. 
Table 3 Sample numbers of training and testing dataset 

Training dataset  Testing dataset 

Healthy  Healthy One defective 
piston 

Four defective 
pistons 

All nine defective 
pistons 

50  50 50 50 50 

Figure 9 Feature distances of the testing samples relative to the hypersphere centre (see online 
version for colours) 
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Figure 10 presents the HI for different levels of pump health status, where the HI is 
transformed from the feature distance of test samples with respect to the hypersphere 
centre, as shown in equation (14). As expected, the HI becomes lower as the distance of 
feature vectors increases due to pump performance degradation. The HI significantly 
drops when the monitored pump experiences an obvious performance degradation (i.e., 
four or nine defective pistons) but it hardly identifies the incipient performance 
degradation (i.e., one defective piston). 

There are two possible reasons for the low sensitivity of HI to the incipient 
performance degradation of axial piston pumps. First, the external leakage flow of axial 
piston pumps is too small to be detected at their initial stage of performance degradation. 
Second, the flow signal responds slowly to the pump health state due to the poor 
frequency response characteristics of flow metres. Therefore, additional high-frequency 
signals, such as outlet pressure and housing vibration, may be required to monitor the 
health status of axial piston pumps. 

Figure 10 Calculated HI for different levels of pump health status (see online version for colours) 

 

6 Conclusions 

This paper proposes a hybrid model-driven and data-driven approach for the health 
assessment of axial piston pumps. A flow loss model of axial piston pumps is developed 
to solve for flow loss coefficients that form feature vectors with explicit physical 
meanings. The SVDD based machine learning model receives these feature vectors to 
quantitatively evaluate the difference between healthy and faulty data, which will be 
transformed into a health index ranging from 0 to 1. The experimental results show a 
promising prospect of the proposed method in the health assessment of axial piston 
pumps. On the other hand, it remains a challenge for the present method to detect the 
incipient performance degradation of axial piston pumps. The future work may address 
this challenge from two aspects. First, the input feature vector integrates high-frequency 
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signals, such as discharge pressure ripple and housing vibration. Second, improved 
versions of the standard SVDD model can be developed, such as density weighted SVDD 
model. 
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