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 e insulation resistance value is one of the important indexes for the safe operation of airport navigational lighting system. In this
paper, a method based on deep learning and transfer learning is proposed tomeasure the insulation resistance value. To reduce the
in�uence of high voltage environment and signal injection on the measurement accuracy, a multilayer LSTMmodel is established,
in which the network convergence rate is accelerated by introducing a normalized layer in front of the �rst LSTM layer. Based on
the constructed deep network, transfer learning is employed by sharing the weight parameters of the pretraining model to solve
the problem of small data sample.  e experimental results demonstrate that the proposed method can e�ectively improve the
measurement accuracy of the insulation resistance value.

1. Introduction

 e airport navigational lighting system (ANLS) is necessary
visual navigation that aids to ensure the safe take-o� and
landing of the aircraft in special circumstances [1–3]. In the
lighting system, almost all the lights are installed outdoors,
and the power supply cables are mostly buried in the �eld.
Due to the environmental factors such as ground temper-
ature, humidity, and mold, the phenomenon of water
branches is caused, which makes the cables insulation worse
[4–7]. If not handled on time, it will cause a short circuit
between the cable core and the ground, resulting in a light
bulb failure among the grounding points, which will
threaten the safety of aircraft take-o� and landing to varying
degrees.  us, the working status of the ANLS can be judged
by the insulation resistance value of the ANLS circuit cable.

General airport lighting stations are equipped with 500V
and 2500V hand shaking megohm meter. 500V is used for
periodic inspection of insulate on resistance of low voltage
electrical equipment or insulation fault detection, and
2500V is mainly used for periodic inspection of insulation
resistance of light circuit or insulation fault detection. All of
these require manual testing, which cannot guarantee

personal safety, and there are cases of untimely fault de-
tection.  is leads to intelligent insulation resistance testing
technology.

 e existing insulation measurement technology is
typically classi�ed into balance bridge method and signal
injection method [8–11].  e basic principle of measuring
insulation resistance with balanced bridge method is to
connect two individual resistors with DC high voltage line
under the Earth ground and use resistors and switches to
form a bridge to obtain the di�erential current loops and
corresponding voltages, thereby converting the insulation
resistance value. Papers [12, 13] adopt the balanced bridge
method, which have a similar application method. It mainly
checks the resistance between the positive and negative DC
bus and the ground equivalent potential node to determine
the insulation state.  ese methods require electronic
switches or high voltage relays and current or voltage
sensors. With the advantages of simple measurement, the
method still exist some de�ciencies.  e most notable de-
fects are low sensitivity, reliability, and mechanical wear
caused by mechanical switch relays, as well as the lack of
consistency and accuracy of the circuit caused by the
multiple operational ampli�ers. Moreover, the resistance
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can only be measured without current. Online measurement
will not only cause measurement misalignment but also
damage the measuring instrument or even endanger per-
sonal safety if the voltage of the measured line is higher than
the test high voltage of the instrument. +erefore, this
method is not suitable for online monitoring. +e basic
principle of measuring insulation resistance by signal in-
jection method is to inject a voltage signal of a certain
frequency between the insulated cable and the ground and
calculate the insulation resistance by measuring the feedback
signal. Paper [14] establishes a series battery pack model
composed of first-order resistor-capacitance (RC) circuit cell
units. Based on this series battery pack model, the insulation
monitoring model of low voltage and low frequency signal
injection method is designed. +e insulation monitoring
method in paper [15] is based on the measurement of the
differential current of each power supply line. When the
insulation resistance is reduced, the leakage current flows to
ground, and the differential current in the line can be
measured to prevent the occurrence of faults. Paper [16]
proposes a method to dynamically change the reference
measurement resistance according to the DC bus voltage.
+is method uses an intermediate value as the reference
resistance prediction test value and dynamically changes the
reference resistance value according to this prediction value
to obtain the test result of insulation resistance. However,
the accuracy of insulation resistance measured by these
methods is limited by high voltage, interference, and other
factors, and it is difficult to determine the selection of in-
jected signals in the signal injection method. Moreover, the
ripple of the DC system will be increased, which will affect
the quality of power supply and sampling accuracy.

Deep learning has been widely applied in some fields
with the in-depth development. In recent years, it has also
been applied in circuits. Aiming at the problems of low
accuracy and weak robustness of traditional fault line
selection method for small current grounding system, a
new method based on improved GoogLeNet was proposed
in paper [17]. In this paper, the zero-sequence current
signal is mapped to a two-dimensional time-frequency
diagram by wavelet transform, and the small current
grounding data set is prepared. +en, the fault line se-
lection of the small current grounding system is carried
out by using the GoogLeNet model. In paper [18], deep
learning is applied to diagnose the interturn short circuit
problem for permanent magnet synchronous motors. An
efficient and accurate method based on a conditional
generative adversarial net and an optimized sparse auto
encoder is proposed to detect the interturn short circuit
problem for permanent magnet synchronous motors. +e
experimental results indicate that the fault diagnosis ac-
curacy achieves 98.9%. +e successful application of deep
learning in circuits shows the practicability and appli-
cability of deep learning in the field of circuits. +erefore,
a method of the insulation resistance value is proposed
based on deep learning and transfer learning. Finally, the
experimental measurement results demonstrate that this
method can measure the insulation resistance value ef-
fectively and the relative error with the calibration value is

controlled within 0.6%. Moreover, three different insu-
lation resistance measurement methods are compared in
this paper, including switching time-sharing method,
deep learning without transfer learning method, as well as
the deep learning and transfer learning method proposed
in this paper. Compared with the traditional switching
time-sharing method, the results show that the mea-
surement accuracy of the deep learning method is greatly
improved. At the same time, compared with the mea-
surement method using deep learning alone, the mea-
surement accuracy of insulation resistance value is
improved by at least 1% based on the deep learning and
transfer learning method proposed in this paper. It can be
concluded from the data that the insulation resistance
value calculation method based on deep learning and
transfer learning proposed in this paper can effectively
improve the detection effect of the insulation resistance
value cable.

+e main contributions of this paper are summarized as
follows:

(1) Transfer learning is applied for the first time to solve
the problem of small sample size of insulation re-
sistance measurement under high voltage by sharing
the pretraining model weight

(2) A multilayer LSTM model is built to minimize the
impact of the high voltage environment and injected
voltage signal on the insulation resistance mea-
surement accuracy

+e remainder of this article is set out as follows. Section
2 introduces the structure of the ANLS and the method for
measuring the basic value of insulation resistance. +en, the
measurement error of insulation resistance is analyzed. In
Section 3, the idea of deep learning and transfer learning
method proposed in this paper is described, which mainly
analyzes the acquisition of source domain data and the
construction of the source domain model. After comparing
the effects of the LSTM model and GRU model in this
method, the multilayer LSTM model architecture is finally
selected. In Section 4, the experimental setup and results are
also introduced and this section carries on the comparative
experiment and the analysis of the three measurement
methods. Finally, Section 5 draws the conclusion and the
outlook.

2. Insulation Resistance Measurement
Structure of ANLS and Error Analysis

2.1. Structure of ANLS. ANLS is composed of low voltage
power distribution system (including substation, standby
diesel generator set, relay protection, and switching device),
constant current dimmer (including booster transformer),
cables, and lamps distributed on the runway of the airport
(including isolation transformers and bulbs) [19, 20]. A
schematic diagram of a circuit in the ANLS is shown in
Figure 1. In order to avoid the impact of single bulb damage
on the power supply of the whole circuit, the bulbs in the
ANLS are connected in series 1 :1 through the isolating
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transformer in light circuit cable [21–23]. +e constant
current dimmer adjusts the effective value of the output
voltage according to the change of the load size so that the
current in the load loop remains constant at the light level
that meets the set brightness level.

2.2. Insulation Resistance Basic Value Acquisition. Based on
the switching time-sharing detection method proposed by
the author Zhang in previous papers [24], the basic value of
insulation resistance was obtained. +is method not only
reduces the influence of alternating current onmeasurement
but also reduces the influence of cable water tree effect on
measurement results. +e better deep network model can be
trained by using higher precision raw data.

As shown in Figure 2, the insulation resistance detection
device has two terminals. +e “a” terminal connected with
the current sampling resistor RI is directly grounded and the
“b” terminal connected with the current limiting protection
resistor R0 is connected to the cable in the ANLS circuit. +e
resistance value RX of the insulation resistance based on the
switching time-sharing detection method is calculated as
shown in the following equation:

RX �
Ud

Id+a − Ia( 
− R0 − RI. (1)

+en, RX is taken as the basic measurement value of
cable insulation resistance for subsequent processing.

In Figure 2, Ud is the 24V low voltage DC precision
power supply, R0 is the current limiting protection resistor
with a resistance value of 1MΩ, RI is the current sampling
resistor with a resistance value of 1 kΩ, CI is the filter ca-
pacitor, KF is the relay, RX is the unknown equivalent
insulation resistor, and Ua is the unknown equivalent AC
voltage source.

2.3. Error Analysis of Cable Insulation Resistance
Measurement. 30 kVA constant current dimmer is taken as
an example. When the dimmer is turned on, considering the
worst case of the measuring circuit (refers to the highest
voltage under which the AC working voltage is 100% added

to the insulation resistance), the maximum effective value of
the output AC voltage is 4545V. According to the circuit
theory, when the insulation resistance is in the normal range,
R0 and RI can be ignored, and then the maximum voltage
that the insulation resistance RX bears is as follows:

Vmax � Ud + 1.1 ×
�
2

√
× 4545V. (2)

When the ANLS is running, it is assumed that the stray
external interference current is Ig. As shown in Figure 2, the
current flowing through the insulation resistance in the ideal
state is shown in equation (3) and in the case of interference
is shown in equation (4).
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Figure 1: A circuit of the ANLS.
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Figure 2: Real-time monitoring structure of insulation resistance.
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IR � I0, (3)

IR
′ � I0 + Ig. (4)

At this point, the absolute error of insulation resistance
measurement is as follows:

D � Rx
′ − Rx �

Ud

I0 + Ig 
−

Ud

I0
. (5)

+e relative error is as follows:

DR �
D

Rx
′




× 100% �

Rx
′

Rx − 1




× 100% �

1
I0/Ig + 1




× 100%.

(6)

According to equation (6), the greater the interference
current Ig is, the greater the relative error DR is. In order to
enhance the anti-interference ability, the existing means
mostly use 500 V or higher excitation power Ud. When the
cable is selected, the insulation resistance RX is certain.
Only when the value of Ud is larger, I0 will be larger
correspondingly, the influence of the interference current
Ig on the error will be relatively small, and the anti-in-
terference ability will increase accordingly. However, the
voltage sustained by the insulated cable at this time is at
least 500 V higher than that without the installation of
online detection device, which increases the electric field
strength sustained by the insulated cable. +e injection of
large voltage signal in the detection circuit leads to the
breakdown and leakage of the cable instead of the normal
working circuit, which shortens the service life of the cable.
+erefore, some scholars began to reduce the injection
voltage in order to reduce the influence of electric field
intensity. However, with the decrease of the injection
voltage, the relative error of the system measurement in-
creases. +e selection of the injection signal threshold has
not been clearly explained, and whether the injection of the
signal will affect the measurement results of the insulation
resistance value is not known.

At the same time, the stray current Ig cannot be de-
termined and the interference current generated by AC
alone and the interference current generated by AC and DC
together cannot be determined to be the same value nu-
merically, so the interference caused by stray current cannot
be eliminated simply through the difference method. +e
aging degree of insulated cables caused by external envi-
ronment cannot be deduced by precise mathematical
formula.

Based on the above discussion, this paper proposes a
method to measure the insulation resistance value based on
deep learning and transfer learning.+e LSTMmodel is used
to train the relationship between the input and output of
cable insulation resistance under low voltage condition, and
the weight parameters are shared with the model under high
voltage condition through transfer learning so as to improve
the measurement accuracy of the model. +e normalization
layer is introduced in front of the first LSTM layer to ac-
celerate the convergence rate of the network.

3. InsulationResistanceMeasurement Based on
Deep Learning and Transfer Learning

3.1. Overall Structure. +is paper proposes a method of
insulation resistance measurement for the ANLS circuit
cable based on deep learning and transfer learning; the
technical process is shown in Figure 3.

+e specific operation steps are as follows:

Step 1. When the constant current dimmer is turned off,
the standard resistance with known resistance value Rys

is used to simulate the working condition of the AMLS
circuit cable insulation resistance under low voltage.
+en, the basic measurement value of the resistance Rxs

is measured by switching time-sharing method.
Step 2. A multilayer LSTM network framework is
constructed, and Rxs is taken as the input value and Rys

as the output value and the network convergence speed
is accelerated by introducing a normalized layer in
front of the first LSTM layer. +en, it is trained and
denoted as Nets, and the network was evaluated.
Step 3. When the constant current dimmer is turned on,
the standard resistance with known resistance value Ryt

is parallel with the circuit cable, and the change of the
insulation resistance value of the cable in the ANLS is
simulated. +en, the basic measurement value of the
resistance Rxt is measured by switching time-sharing
method.
Step 4. +e input layer and the LSTM hidden layer of
Nets are kept, that is, the weight parameters of Nets

network are kept, and the full connection layer and the
output layer of Nets are rebuilt. +e normalization
layer is also added to accelerate the convergence rate.
Step 5. Rxt is taken as the input value and Ryt as the
output value. +en, it is trained and denoted as Nett,
and the network is evaluated.
Step 6. +e insulation resistance value is measured
using Nett.

3.2. Source Domain Data Acquisition. Firstly, the source
domain data of insulation resistance are measured under low
voltage working environment. When there is a fault in the
system, the specific performance is that the insulation re-
sistance value changes. +erefore, a precision resistance A
with known resistance value is made in parallel in the circuit,
as shown in Figure 4. By closing the miniature toggle switch,
a series of resistors with different resistance values can be
obtained to simulate the insulation resistance of the cable.
Connect resistorA to the “Target Plate” as shown in Figure 5.

Place the device at room temperature and turn on the
power. +en, turn on the switch of resistor A in Figure 4 and
measure according to the steps in Section 2.2 to obtain a set
of data. After cooling off the power and the equipment,
measurements are made again after turning on the power
and repeated for 6 times to form source domain data
Rxs, Rys 1, Rxs, Rys 2, . . . , Rxs, Rys 6. +e six sets of se-
quence data are divided into training set and test set
according to 4 : 2.
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3.3.Multilayer LSTMNetworkConstruction andPerformance
Analysis. With the rise of artificial intelligence, some deep
learning models have been proposed specifically for data
prediction problems, such as the long short-term memory
(LSTM) network and gate recurrent unit (GRU) network.
+e LSTM network was first proposed by Hochreiter and
Schmidhuber in 1997. LSTM network is designed to solve
the long-term dependence problem of deep learning, which
is improved by recurrent neural network (RNN) [25, 26].
Now, it is widely used in the fields of text generation, speech
recognition, and image generation description [27]. +e
GRU network is a type of recurrent neural network (RNN)
[28, 29]. It is also proposed to solve the problems of long-
term memory and gradients in back propagation, just like
the LSTM. +e internal network structure of LSTM and
GRU is basically the same, and the biggest difference is
shown as follows: LSTM network structure takes output gate
ot, input gate it, and forget gate ft as the internal state, while
GRU combines the latter two into update gate zt, deletes the
output gate, and adds reset gate rt, which takes update and
reset gate as the internal state. +e details of the unit
structure for both are shown in Figure 6.

+ese two deep learning models are substituted into the
method of this paper, which is used to train the relationship
between the input and output of cable insulation resistance
of the source domain to reduce the influence of high voltage
environment and signal injection on the measurement
accuracy.

3.3.1. LSTM Network. Firstly, the LSTM network is brought
in, and in order to accelerate the convergence rate of the
model, a normalized layer is added in front of the first LSTM
layer. +e structural design is shown in Figure 7.

+e LSTM model designed in Figure 7 is used as the
pretraining model. Among them, there are 200 hidden
layers, 1000 times of training, and the learning rate is 0.001.
+e training effect is shown in Figure 8. +e pretraining
network is evaluated, and the prediction effect of the test set
was shown in Figures 9–11.

Figure 9 shows the measurement results of insulation
resistance values corresponding to the two test sets. +e
error of the measured value compared with the real value
and the corresponding relative error are shown in Figures 10
and 11. As can be seen from Figures 9–11, the effect of the
pretraining model is effective, and the relative error of the
insulation resistance value obtained on the test set can be
controlled within 2.4%.

3.3.2. GRU Network. Similar to the method based on the
LSTM network, a multilayer GRU model is also established,
and a normalization layer is added to accelerate the con-
vergence speed of the model. 200 hidden layers were set in
the GRU network and trained for 1000 times, the learning
rate was set to 0.001. +e training effect is shown in Fig-
ure 12. +e pretraining network is evaluated, and the pre-
diction effect of the test set is shown in Figures 13–15.

Figure 13 shows the measurement results of insulation
resistance values corresponding to the two test sets. +e
error of the measured value compared with the real value
and the corresponding relative error are shown in Figures 14
and 15.

As can be seen from Figures 14 and 15, the relative error
of the insulation resistance value obtained on the test set of
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the model trained by GRU network is controlled within
3.5%. Compared with the LSTM model, it can be seen that
the precision of insulation resistance measurement results
of GUR network fluctuates greatly. Although the relative
error is small in the section with low insulation resistance

value, the relative error increases suddenly in the section
with high insulation resistance value and the measure-
ment effect is unstable. +erefore, a multilayer LSTM
model is selected as the basic network architecture in this
paper.
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3.4. Establishment of Transfer Learning Model. Transfer
learning is a kind of machine learning approach, in which a
pretrained model is reused in a task with another target

model. +e pretrained model is set as the source domain Ds,
the training process of the pretrained model is the learning
task Ts, the target model is set as the target domain Dt, and

0 100 200 300 400 500 600 700 800 900 1000

Iteration

0

20

40

60

RM
SE

TrainingLoss
ValidationLoss

0 100 200 300 400 500 600 700 800 900 1000

Iteration

0

5

10

Lo
ss

TrainingLoss
ValidationLoss

Figure 12: Pretraining effect of the source domain model by GRU.
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the training process of the target model is the learning task Tt
.+e source domain and the learning task are used to predict
the rules of the target domain. It's worth noting that Ds≠Dt
and Ts≠Tt .DTand a learning task TTon the target domain,
DSandTSare used to learn the prediction function f(·) on
the target domain and DS ≠DT or TS ≠TT. Its core is to find

the similarity or some mapping relationship between source
domain DS and target domain DT [30, 31].+is paper adopts
the parameter-based transfer learning method, and its basic
idea is shown in Figure 16.

In the source domain, the LSTMmodelNetS is trainedwith
the source domain data, and the weight parameters of the lower
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layer of NetS are fixed and applied to the LSTMmodel NetT in
the target domain. At the same time, the full connection layer
and the regression layer of NetT are rebuilt and the parameters
are adjusted according to the input data of the target domain.

In this paper, the measurement of insulation resistance
of the ANLS cable under low voltage condition is taken as
the learning task in the source domain, and the measure-
ment of insulation resistance of the ANLS cable under high
voltage condition is taken as the learning task in the target
domain. Resistance measurements at low voltage are rela-
tively safe and readily available. +e pretraining model is
established after a lot of training, and the weight parameters
of the pretraining model are applied to the target domain
through the parameter-based transfer learning, which saves
the training time and improves the measurement accuracy.

4. Measurement System Performance Analysis

4.1.TargetDomainDataAcquisition. +epurpose of transfer
learning is to apply the model trained in advance to the
target domain. In order to analyze the measurement per-
formance of this design, an experimental platform of the
ANLS is built. Figure 17 is a sinusoidal constant current
dimmer, and Figure 18 is an ANLS circuit, which can be used
to simulate high voltage conditions and actual working
conditions (in addition to loop length).

In order to simulate the change of the ANLS circuit cable
insulation resistance value, the target resistance B with
known resistance value is made, as shown in Figure 19. It is
connected in parallel to the cable of the light circuit, and
different resistance values can be obtained by rotating the
switch to simulate the change of insulation resistance.

Connect target resistance B to the “Target Plate” as
shown in Figure 5. Place the device at room temperature and
turn on the power. +en, turn on the switch of the target
resistance B in Figure 19 and measure according to the steps
in Section 2.2 to obtain a set of data. After cooling off the
power and the equipment, measurements are made again
after turning on the power and repeated for 6 times to form
target domain data Rxt, Ryt 1, Rxt, Ryt 2, . . . , Rxt, Ryt 6.
+e six sets of sequence data are divided into training set and
test set according to 4 : 2.

4.2. Target Domain Construction and Performance Analysis.
Input the prepared target domain data into the model for
training. +e training results are shown in Figure 20, and the
measurement results on test sets are shown in Figure 21.

Figure 21 shows the measurement results of insulation
resistance values corresponding to the two test sets. +e
error of the measured value compared with the real value
and the corresponding relative error are shown in Figures 22
and 23. As can be seen from Figures 21–23, the effect of the
pretraining model is effective, and the relative error of the
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Figure 16: Schematic diagram of the parameter-based transfer
learning idea.

Figure 17: Sinusoidal constant current dimmer.
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Figure 19: +e target resistance B.
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Figure 21: Measured values of insulation resistance.
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Figure 22: Diagram of insulation resistance measurement error and relative error in test set 1.
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Figure 23: Diagram of insulation resistance measurement error and relative error in test set 2.
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insulation resistance value obtained on the test set can be
controlled within 0.6%.

4.3. Overall Performance Comparison. In order to analyze
the performance of the system, the insulation resistance of
the ANLS circuit cable is tested by many ways. +e target
resistance B in Figure 14 is selected as the reference object. In
this section, insulation resistance measurement results of
three different methods, including switching time-sharing
method, deep learning without transfer learning, and deep
learning and transfer learning proposed in this paper, will be
compared. Also, connect target resistance B to the “Target
Plate” as shown in Figure 5. +e change of insulation re-
sistance value is simulated by rotating the switch under high
voltage conditions for measurement.

Method 1 (switching time-sharing method). +e insulation
resistance value of the ANLS circuit cable is measured di-
rectly by the method in Section 2.2.

Method 2 (deep learning without transfer learning). Place
the device at room temperature and turn on the power.
+en, turn on the switch of the target resistance B in Fig-
ure 19 and measure according to the steps in Section 2.2 to
obtain a set of data Rx. Rx is taken as the input data and the
true value of the target resistance B is taken as the output
data. +e LSTM model in Figure 7 is used for training, and
the model training result is shown in Figure 24.+emodel is

directly applied to the measurement without subsequent
transfer learning.

Method 3 (deep learning and transfer learning). According
to the method presented in this paper, the insulation re-
sistance value is measured according to the steps in Section
3.1.

Results of the three measurement methods are shown in
Table 1. To observe the measurement effect more intuitively,
the insulation resistance values obtained by the three
methods are compared and their relative errors are shown in
Figure 25.

It can be seen from Figure 25 that the relative error of
insulation resistance value obtained by the deep learning and
transfer learning method is the smallest among the three
measurement methods. When the insulation resistance
value is small, the relative error of the three measurement
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Figure 24: Training effect of the LSTM model without transfer learning.

Table 1: Insulation resistance measurement results of the three
methods.

True value of
insulation
resistance
(MΩ)

Switching
time-sharing
method (MΩ)

Deep learning
without
transfer

learning (MΩ)

Deep learning
and transfer
learning
(MΩ)

0.1027 0.1040 0.1020 0.1025
2.1189 2.0943 2.1331 2.1222
7.6065 7.3363 7.6748 7.6173
21.3790 19.9578 21.5793 21.4121
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methods is relatively small. When the insulation resistance
value of the cable to be measured increases, the measure-
ment effect of the three methods becomes different. +e
switching time-sharing method has the largest relative error,
while the deep learning and transfer learning method has the
smallest relative error. +e cable insulation resistance of the
ANLS is generally extremely high under the actual working
conditions. +erefore, the method proposed in this paper
can improve the measurement accuracy of insulation re-
sistance. Especially for high voltage and high insulation, the
measurement effect is more stable. At the same time, the
introduction of transfer learning can share the pretrained
model parameters under low voltage conditions with the
online measurement model under high voltage conditions,
which saves the training time and increases the safety factor
in the detection process and also solves the problem of small
sample data. To sum up, the relative error of the deep
learning and transfer learning method proposed in this
paper is small and controlled within 0.6%, which indicates
that this method can better reflect the real-time situation of
the circuit cable insulation resistance and has a better in-
dication effect on the current working state of the ANLS.

5. Conclusions

In this paper, deep learning and transfer learning are firstly
applied in the measurement of insulation resistance in the
ANLS. Aiming at reducing the influence of high voltage
environment and voltage injection signal on the measure-
ment accuracy of insulation resistance, a multilayer LSTM
model is established, which is used for pretraining, and a
normalized layer is added in front of the first LSTM layer to

accelerate the data convergence rate. +en, based on the
pretrained LSTM model, the weight parameter of the pre-
trained model is shared through transfer learning to solve
the problem of small sample data. Simulation and experi-
mental results show that the influence of the injection
voltage signal and stray current on the measurement results
is reduced. It has obvious advantages for themeasurement of
high insulation resistance value, and the relative error can
reach less than 0.6%. Moreover, the measurement of insu-
lation resistance value of the ANLS circuit cable has not
formed an industry standard. +e application of deep
learning and transfer learning in this paper provides a new
idea for the measurement method.

+ere are still new challenges: the weight of the pre-
trained model is shared for transfer learning in this paper,
and the feature-based transfer learning method can be
further considered.+e data distribution under low pressure
and high pressure conditions is mapped to the same feature
space by establishing the joint distribution function of
source domain data and target domain data to enhance
domain adaptability.
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