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ABSTRACT

In this paper, a novel approach for detecting degradation in
internal gear pumps is proposed. In a data-driven approach,
pressure reduction time maps (PRTMs) are identified as a use-
ful indicator for degradation detection. A PRTM measures
the time for reducing the internal pump pressure from certain
levels to any lower level when the pump engine is stopped
and the valves are closed. The PRTM can thus be interpreted
as an internal leakage indicator of the pump. For simplified
evaluation, PRTMs are compressed to a single scalar indica-
tor by computing their volume (PRTMV). When the inter-
nal leakage increases due to wear, the pressure in the pump
decreases faster (implying a decreased PRTMV). The pro-
posed approach has been developed and tested with data of
real internal gear pumps with different operating times. The
PRTMV shows a close relation to the operating time of the
pump. Moreover, we compare PRTMV to the commonly
used and well known approach of observing pressure holding
speed (PHS). Especially for medium degradation, PRTMV
shows better sensitivity than PHS.

1. INTRODUCTION

Internal gear pumps are nowadays widely used, for instance
to pump all varieties of fuel oil and lube oil, resins, poly-
mers, alcohols, solvents, asphalt, bitumen, tar, polyurethane
foam, food products such as chocolate, paint, ink, soaps, sur-
factants or glycol. The common trend in industry goes to-
wards higher safety and economical demands, this is also true
for pumps. Customers expect to reduce unplanned downtime
as well as extended maintenance intervals. Using condition
monitoring and predictive maintenance, the maintenance in-

Kurt Pichler et al. This is an open-access article distributed under the terms of
the Creative Commons Attribution 3.0 United States License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the
original author and source are credited.

tervals of a component can be optimized compared to main-
taining in fixed time intervals without considering the actual
health state.

Moreover, automated technical systems to detect component
failure help reducing manual inspections and have therefore
the capability to save a significant amount of personnel cost.
Additionally, the development of a condition monitoring sys-
tem oftentimes improves the understanding of a process. This
can be used for evaluation and recommendations regarding
machine operation.

Wear and damage detection for pumps is a well researched
field in engineering, many publications on this topic can be
found. A broad overview of condition monitoring for pumps
is given in (Beebe, 2005). Typical symptom parameters
for condition diagnosis in frequency domain are extracted
from vibration measurements in (Wang & Chen, 2007). In
(Mendel, Wandekokem, Rauber, & Varejão, 2007), charac-
teristic frequencies for fault states are identified using feature
selection in frequency spectra. Visual inspection of head flow
diagrams and vibration charts in (Albraik, Althobiani, Gu, &
Ball, 2012) showed a different behavior of new and damaged
pumps. In (Zouari, Sieg-Zieba, & Sidahmed, 2004), five fault
states are discriminated by training neural networks with fea-
tures extracted from the frequency spectrum of vibration mea-
surements. Voltage and current of a pump motor are modeled
with an Auto Regressive eXogenous (ARX) model, and sub-
sequently fault indicators are extracted from the measurement
data and from the models respectively in (Harihara & Parlos,
2012). In (Byington, Watson, Edwards, & Dunkin, 2003),
features from pressure, temperature and flow rate measure-
ments are extracted and classified with neural networks. In
(Ahonen, 2011), cavitation is detected via deviations of rota-
tional speed and torque, while flow recirculation is detected
via spectral analysis of the torque. The change of head flow
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diagram in the case of pump damages is discussed in (Beebe,
2008). In (Cotogno, Cocconcelli, & Rubini, 2013), air bub-
bles in internal gear pumps are detected by extracting fea-
tures from vibration data in time and frequency domain and
thresholding the features. The typical fault types of internal
gear pumps and their impact on the operating pressure are
discussed in (Pietkiewicz, 2009). In (Singh, Tjahjowidodo,
Eriksson, & Rajan, 2018), the torque of a reciprocating pump
is analyzed to perform condition monitoring. Frequency band
energy information of wavelet packet decomposition are ex-
tracted as features and compared to test samples achieved by
Q statistics to detect faults in hydraulic pumps in (Siyuan,
Linlin, & Wanlu, 2018). Indicators for seal damage and cavi-
tation are extracted from the frequency spectra of vibration
measurements in (Sun, Yuan, & Luo, 2018). In (Dutta et
al., 2018), cavitation is detected using support vector ma-
chines for classifying pressure and speed measurements. In
(Sanchez, Carvajal, Poalacin, & Salazar, 2018), an alteration
in the vibration range at the alabe pitch frequency is reported
in the case of cavitation.

Many of the recently proposed concepts could not be used in
our experiments due to limited measurement capacities like
limited access to machine parameters (for instance, the actual
driving current or torque is not accessible), no direct access
to the flowing liquid, and rigid cost constraints. Therefore, a
novel data-driven approach is investigated in this study. Data
of internal gear pumps with known operating time (assumed
to be correlated to degradation) are acquired and analyzed
to develop a degradation indicator. Faults are detected using
only a limited number of predefined measurement channels,
including internal pump pressure and rotational speed. Mea-
surement data from pumps with different operating times are
compared in a data-driven approach to define an appropriate
quantifier. Analyzing the data yields in a single scalar value
called pressure reduction time map volume (PRTMV) that is
extracted from measured data and subsequently observed. A
decreasing PRTMV value corresponds to increasing operat-
ing time of the pump.

Compared to other approaches like pressure holding speed
(PHS), the proposed approach takes the dynamic behavior
of the oil pressure into account, as mentioned in Section 3.
Therefore it is more sensitive in the medium wear range of
the pump than the approaches that only monitor the steady
state pressure. A drawback of the PRTMV approach is of
course that a certain test pattern is needed, see also Section
3. The pump has to be stopped at a certain constant pres-
sure level with closed valves, and the pressure drop has to be
measured. However, this is quite similar to the test pattern
in PHS, where the required revolution speed for keeping a
certain constant pump pressure level is measured.

For confidentiality reasons, we are not allowed to use true

physical units of the measurements and the results. Therefore,
all values are normalized with respect to a nominal value.

The paper is structured as follows: in Section 2, internal gear
pumps are briefly explained and the problem is stated. The
experimental setup for acquiring test data is introduced in
Section 3. Section 4 describes the extraction of the PRTMV
as a degradation indicator, and test results are provided in
Section 5. Finally, Section 6 gives the conclusions of the
work.

2. PROBLEM STATEMENT

This section provides a brief introduction of internal gear
pumps and a statement about the problem to be solved.

2.1. Internal Gear Pumps

In gear pumps, rotating gears create a suction at the intake
side by separating from each other. Then the gears carry the
fluid to the discharge side, where it is displaced. There are
two main types of gear pumps: external and internal gear
pumps. In internal gear pumps, one gear rotates inside the
other. A short description of both types together with a func-
tional sketch can be found in (Wikipedia, 2021).
System dependent, internal gear pumps show advantages
compared to external gear pumps. Some of them are: the
centric arrangement of the shaft (easy combination of multi-
ple pumps), the longer tooth meshing due to the use of inter-
nal and external gears (improving leakage effects), less flow
and filling losses (improving the efficiency of the pump) and
better noise behavior than external gear pumps. For more de-
tailed information, like geometrical details, physical models,
and many more, see (Murrenhoff, 2005), (Rexroth, n.d.) and
(Ivantysyn & Ivantysynova, 1993).

2.2. Objective

The objective of this study is to find an indicator that corre-
lates to the wear of the pump. Since the assessment of the
true wear state is not a trivial problem, it is assumed to be
roughly correlated to the operating time. Therefore, we are
looking for features that are closely related to the operating
time of the pump. In a data-driven approach, appropriate fea-
tures to reach that goal are found. That means, real world
measurement data with known operating time are analyzed
in order to find features that correlate to the operating time.
During the development, many possible indicators were de-
fined, extracted and evaluated. Only the best indicator of the
evaluation is presented subsequently in Section 4.

3. EXPERIMENTAL SETUP

In this section, the test bed for acquiring test data is briefly
explained, and a short overview of the test measurements is
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Figure 1. Sketch of the test-bench.

given. Moreover, the basics of the PHS method, that is used
for comparison, are presented.

3.1. Internal Gear Pump Test Bed

The test bed consists essentially of the motor-pump unit with
a rotational speed sensor, a seat type switching valve and a
pressure sensor (pressure range 1...413.7 bar, analog output
range 0.2...10.2 V DC, analog resonance frequency> 10 kHz,
sampled with 5 kHz @ 16 Bit), see Fig. 1.

The basic idea is to pressurize the fluid volume V up to a
certain pressure level p̂ using the pump. The volume depicted
in Fig. 1 represents all small volumes, i.e. short bores, dead
volumes, and so on, between the pump and the valve. In the
case of constant pressure p̂ and a closed switching valve, the
pumps flow rateQp compensates its leakageQp,leak, because
the system has no other leaks, writing:

Qp = Qp,leak (1)

In that case, the pumps flow rate Qp is proportional to the
shaft speed n and we obtain the PHS method.
The starting condition of the PRTMV approach is again con-
stant pressure p̂ in the volume. Sudden stopping of the pump,
n = 0, is followed by a rapid reduction of the volumes pres-
sure p, which can be measured and processed according to
Section 4. The dynamical change of the pressure can be mod-
eled by:

dp

dt
=
E0

V0
·

 Qp︸︷︷︸
=0

−Qvalve︸ ︷︷ ︸
=0

−
N∑
i=1

Qi,leak

 (2)

Parameter E0 is the fluid’s bulk modulus, which is a measure
for its compressibility, and V0 is the fluid volume. The sum
over Qi,leak, in Eq. (2), indicates that generally, there may
be multiple (N ) sources of leakage in a system, causing a

Table 1. Tested pumps.

Pump Normalized Operating Time # measurements
P1 0 9
P2 1 9
P3 0 186
P4 0 19
P5 0 247
P6 0.5442 203
P7 0.5365 103
P8 0.6864 92
P9 0.5306 147
P10 0.4636 41
P11 0.4745 98

pressure decay. In the considered case there is only one kind
of leakage, the pumps leakage Qp,leak.

The method can be used as an indicator for the pump wear
if the pumps leakage is the main effect causing the pressure
drop. Here this is ensured using a seat type switching valve
which has construction-related no leakage. Concluding that
if the pumps shaft is fixed, the pressure in the volume is only
reduced by internal leakage of the pump Qp,leak, see Fig. 1.
In the case of pressure compensated internal gear pumps, the
main advantage of this method, compared to the PHS, is that
the variable pressure changes the amount of pressure com-
pensation hence having an impact on the pumps leakage. In
our assumption, this is the reason why PRTMV shows a bet-
ter sensitivity than other methods. However, a future task will
be to confirm this assumption.

3.2. Acquired Data

On the test bed, data from 11 identical pumps with differ-
ent operating times were acquired. An overview of the tested
pumps is provided in Table 1. Column 1 describes the name
of the pump, column 2 represents the pumps operating hours
at the beginning of the test, and column 3 represents the num-
ber of measurements (i.e. pressure drops) that could be used
for evaluation. The operating time is normalized to the range
[0, 1] with respect to the maximal operating time specified by
the manufacturer. A value of 0 represents a new pump, a value
of 1 represents a pump that has reached its maximal operating
time. From these test data, the PRTMVs are extracted.

3.3. PHS

To compare the proposed method to a widely used approach,
we also extract the pressure holding speed from the measured
data. The PHS represents the revolution speed of the pump
that is required to keep a certain pressure p̂. It is measured by
closing the valves and controlling the pump in a way that the
internal pump pressure is kept at a constant level for at least
some seconds. Then, the median of the required revolution
speed is used as the PHS. As the valves are closed, the pumps
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Table 2. Median normalized feature values of all tested
pumps and methods.

Pump PRTMV PHS
P1 4.4605 · 10−2 0.3782
P2 1.2460 · 10−2 0.8916
P3 4.4991 · 10−2 0.3696
P4 4.0655 · 10−2 0.3843
P5 4.0442 · 10−2 0.3874
P6 3.0766 · 10−2 0.3908
P7 2.9647 · 10−2 0.3886
P8 2.5840 · 10−2 0.4691
P9 3.0401 · 10−2 0.3982
P10 2.7946 · 10−2 0.4467
P11 2.9724 · 10−2 0.4260

flow rate Qp compensates the internal leakage Qp,leak, see
also Eq. (1). The flow rate Qp is proportional the the revolu-
tion speed n. Therefore, rhe more revolution speed is required
to keep the pressure constant, the more internal leakage is
present. For more details concerning the PHS approach see
for instance (Beebe, 2005). We chose PHS to compare it with
the proposed PRTMV because it is the most well known and
widely used method for pump condition monitoring. Further-
more, there is a clear physical explanation why PHS works
to detect a leakage. From our experience, this is also a very
important fact for costumers to use PHS as pump monitor-
ing tool. However, the physical interpretability applies also
to PRTMV. In (Pichler, Haas, Putz, & Kastl, 2020) we also
compared PHS to another commonly used approach, namely
head flow diagrams (HFD). The results showed that PHS and
HFD perform quite similar.

4. PRESSURE REDUCTION TIME MAP VOLUME

The PRTMV is extracted from the internal pump pressure
measurement. It is related to the time needed for the pump
pressure dropping from a certain level to another when the
pump is stopped and the valves are closed. Since no fluid can
flow off through the valves, PRTMV can be seen as represent-
ing the internal leakage of the pump. Wear and degradation
typically increase the internal leakage, yielding consequently
in a decreasing PRTMV.

The extraction of PRTMV is a quite straightforward proce-
dure. The prerequisite for extracting PRTMV is a certain
standardized measurement cycle of the system. Once the
pump is running on high internal pressure, it is stopped with
the valves being closed. The subsequent pressure drop is
observed in the raw pressure measurement (Fig. 2 with nor-
malized pressure). The raw data are smoothed using Whit-
taker smoother (Eilers, 2003) to reduce measurement noise.
A zoom into the smoothed pressure drop is shown in Fig. 3.

Since the valves are closed, the pressure drop can only be
caused by internal leakage of the pump (see also Section 3).

To compute the proposed PRTMV, the time span t (pu, pl)
(pressure reduction time, PRT) that measures the time for
the internal pump pressure dropping from a certain upper
pressure pu to a certain lower pressure pl is determined (see
Fig. 3). Since the measurements are sampled discretely, there
will be normally no measurement values exactly at pu and
pl and therefore at the according times tu (time when pump
pressure equals pu) and tl (time when pump pressure equals
pl). To get appropriate values for tu and tl, the smoothed
pressure measurement is linearly interpolated between the
adjacent measured pressure values of pu and pl. Denoting
the adjacent discrete measurement data of the upper pressure
value pu as pu (upper value) and p

u
(lower value) and the

according time values as tu and tu, the linearly interpolated
time value tu is given as

tu = tu −
pu − pu
pu − pu

·
(
tu − tu

)
. (3)

Similarly, the interpolated time value tl is given as

tl = tl −
pl − pl
pl − pl

·
(
tl − tl

)
(4)

with pl and p
l

denoting the adjacent discrete measurement
data of the lower pressure value pl and tl and tl the according
times values. The values pu, pl, tu and tl are also indicated
in Fig. 3. Finally, t (pu, pl) is defined as

t (pu, pl) = tl − tu. (5)

This time span is determined for a discrete range of upper
and lower pressure values pu ∈ [Pl, Pu] and pl ∈ [Pl, Pu]
with pl < pu. Here, Pu respectively Pl denote the maxi-
mal respectively minimal pressure to be used for evaluating
t (pu, pl). This procedure results in a pressure reduction time
map (PRTM) for one pressure drop of a certain pump. One
PRTM in each case of differently worn pumps are shown in
Fig. 4 (new pump P1), Fig. 5 (heavily worn pump P2), and
Fig. 6 (medium worn pump P11). It can be seen that, espe-
cially for high pressure differences pu − pl, the new pump
P1 has a significantly higher pressure reduction time than the
worn pumps P2 and P11.

To quantify this obvious difference, the volume between the
plpu-plane and the PRTM is computed as

PRTMV =

∫∫
pl<pu

t (pu, pl) dpl dpu. (6)

The values pl and pu in Eq. (6) indicate the different possible
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Table 3. Relative deviation from the mean of new pumps.

µ± σ for P1, P3, P4, P5 4.2673 · 10−2 ± 0.2460 · 10−2 0.3798± 0.0078
Pump PRTMV PHS
P1 4.53% -0.44%
P2 -70.80% 134.74%
P3 5.43% -2.70%
P4 -4.73% 1.16%
P5 -5.23% 1.98%
P6 -27.90% 2.88%
P7 -30.53% 2.29%
P8 -39.45% 23.51%
P9 -28.76% 4.84%
P10 -34.51% 17.60%
P11 -30.35% 12.15%
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Figure 2. Measured pressure drop of pump P1.

pressure values that can be used to estimate t (pu, pl) accord-
ing to Eq. (5). Since we measure PRT from pu to pl, pl has to
be smaller than pu. PRT will get shorter for a degraded pump
(Pichler et al., 2020), therefore the integral over all possible
pressure drops will be also smaller in the case of degradation.
Since we work with discrete measurement values, the integral
is approximated by a sum.

As can be seen in the experimental results (Section 5), the
PRTMV serves as an indicator that is highly correlated to the
operating time of the pump.

5. RESULTS

This section provides experimental results for the two ap-
proaches to be compared and a short comparison of the re-
sults.
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Figure 3. Zoom into smoothed pressure drop from Fig. 2 with
indicated values pu, pl, tu and tl.
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Figure 4. Pressure reduction map for one pressure drop of
pump P1.
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Figure 5. Pressure reduction map for one pressure drop of
pump P2.
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Figure 6. Pressure reduction map for one pressure drop of
pump P11.

Figure 7. Scatterplot of PRTMV for all tested pumps.
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Figure 8. Boxplot of PRTMV for all tested pumps.

5.1. PRTMV

Fig. 7 shows a scatterplot of the PRTMV values for all valid
measurements of all pumps. It can be seen that the PRTMV
(y-axis) is roughly decreasing with increasing operation time
(x-axis). Since the data of the new pumps (P1, P3, P4 and P5)
are partly overlapping in the scatterplot, a boxplot of the same
data is depicted in Fig. 8. Furthermore, the median PRTMV
for every pump is listed in the second column of Table 2.

5.2. PHS

Scatterplot and boxplot of the feature PHS are depicted in
Fig. 9 and Fig. 10 respectively. It can be already seen
that PHS is less sensitive than PRTMV for the test cases
of medium degradation (normalized operating time between
0.4636 and 0.6864). However, the heavily degraded pump
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Figure 9. Scatterplot of PHS for all tested pumps.
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Figure 10. Boxplot of PHS for all tested pumps.

P2 (normalized operating time 1) can be clearly identified.
Again, the median PHS for every pump is listed in column
three of Table 2.

5.3. Comparison

To compare the sensitivity of the two approaches, the devia-
tion of PRTMV and PHS from the normal condition is shown
in Table 3. For that purpose, the mean indicator values from
Table 2 of the new pumps P1, P3, P4 and P5 (normalized
operating time 0) are calculated. Table 3 shows these mean
values and the according standard deviation in the first row.
The relative deviation from that mean value for every pump
is listed in the remaining rows. The table shows that, within
the pumps with normalized operating time 0, the proposed
PRTMV (absolute deviation between 4.53% and 5.43%) de-
viates slightly more than the PHS (absolute deviation be-

tween 0.44% and 2.70%). Even the minimal deviation of
PRTMV is bigger than the maximal deviation of PHS. How-
ever, for the medium normalized operation time (between
0.4636 and 0.6864) of P6, P7, P8, P9, P10 and P11, PRTMV
is much more sensitive than PHS. That is the main advan-
tage of the proposed approach. PRTMV deviates significantly
more from the normal case (between 27.90% and 39.45%)
than PHS (between 2.29% and 23.51%). This suggests that
upcoming wear can be detected earlier and with higher con-
fidence using the PRTMV approach. In the case of heavy
degradation (pump P2), the feature PHS deviates more from
the normal condition than PRTMV. The heavy degradation
can still be clearly identified by both approaches.

6. CONCLUSION

In this paper, we propose a novel approach to detect wear
in internal gear pumps. The proposed PRTMV is a measure
related to the time for internal pressure reduction of a pump
when the pump engine is stopped and the valves are closed.
It was tested with data of real pumps and compared to the
well known and commonly used approach PHS. Especially in
the range of medium degradation of the pump, the proposed
PRTMV is more sensitive than PHS.

However, there are some tasks to be solved in future devel-
opment of the approach. PRTMV deviates more for normal
conditions than PHS. Choosing the pressure range in a more
advanced way might improve the deviation. Furthermore, a
method for automated wear estimation based on the feature
value has to be found. Additionally, a prediction for the main-
tenance interval based on PRTMV is desirable.
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