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Understanding IFRA for Detecting Synchronous
Machine Winding Short Circuit Faults Based on
Image Classification and Smooth Grad-CAM++
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Abstract—Fault diagnosis of the synchronous machine is
essential for the safe operation of the modern power system.
Recently, impulse frequency response analysis (IFRA) has
been used to detect synchronous machine winding short
circuit (SC) faults since the failure will significantly alter the
IFRA signature of machines. However, there is no standard
and reliable code for interpreting the IFRA signatures.
It often refers to the frequency response analysis of power
transformer standards, the mathematical-statistical indicator
of relative factor is directly used to perform the judgment
by the standards’ threshold, which might not be appropriate.
Besides, the internal mechanism of frequency response
analysis diagnosis is unclear. Therefore, this study proposes
a technique based on image classification and smooth grade and gradient-based class activation maps (Smooth Grad-
CAM++) to understand and interpret the IFRA method. It trains and analyzes the visualization results of the fault data
set of a 5 kW synchronous machine’s winding. The experimental results show that the average accuracy of the image
classification model based on Resnet18 reaches 99.63%. We performed an IFRA difference analysis according to the
visualization results and gave some suggestions about IFRA. The training and detection process can be accelerated
based on these suggestions. To illustrate the generalization of the suggestions, another 8 kW synchronous machine is
used for the case study, and the experimental results show that these suggestionsare still effective. The main contributions
of this study are understanding the internal mechanism of IFRA diagnosis from another perspective and providing some
conclusions different from previous research results on the IFRA method for the synchronous machine.

Index Terms— Fault detection, image classification model, impulse frequency response analysis (IFRA), smooth grade
and gradient-based class activation maps (Smooth Grad-CAM++), synchronous machine, winding.
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I. INTRODUCTION

SYNCHRONOUS machines are widely used in power
plants, aerospace, aviation, and other fields [1], [2].

At the same time, as one of the essential components of
the power system, the large synchronous machine completes
the conversion from mechanical energy to electrical energy.
In various electric energy generation methods, 90% of electric
energy is provided by synchronous machines in hydropower
plants or thermal power plants [3]. Synchronous machines
have complex structures and diverse operating environments.
Various electromagnetic, mechanical, and thermal stresses
could significantly impact the components of devices. Thus,
the machines could be defective. Relevant reference [4] shows
many kinds of faults in large synchronous machines, of which
66% are winding faults. Among them, the winding interturn
and ground short circuit (SC) faults are very common. If the
synchronous machines with SC faults are not handled in
time, it may damage the devices and even lead to power
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system collapse and casualties. Accurately detecting winding
SC faults can ensure large synchronous machines’ safe and
reliable operation.

Many methods have emerged to detect winding SC faults in
recent years, including online and offline detection methods.
Many researchers use ac impedance, dielectric dissipation,
dc resistance, and the open transformer method to detect
the winding SC faults when the machine is out of service
[5], [6], [7]. The online techniques include the stator parallel
branch circulation method, vibration monitoring of stator and
rotor method, temperature field variation method, etc. [8], [9],
[10]. In addition, many scholars are concerned about the real-
time change of winding state and use field circuit coupling
simulation, such as establishing a temperature field to analyze
synchronous machines’ winding faults [10]. These works are
significant to the detection of machine winding faults.

In particular, some researchers use frequency response
analysis (FRA), which has been widely used in power
transformer winding mechanical fault detection, to detect
synchronous machine winding faults [11], [12]. Besides,
impulse FRA (IFRA) has also been introduced [11]. IFRA
has the advantage as same as FRA. Compared with FRA
using frequency sweep to obtain the frequency response curve,
IFRA provides an alternative to serving the same objective.
It obtains the frequency response curve by a high-frequency
(HF) impulse signal. Furthermore, IFRA has the advantages
of high detection sensitivity, fast detection speed, and good
economy [13], [14], [15], [16].

Whether FRA or IFRA, the interpretation of frequency
response signature matters. There are two main methods.

1) Construct and calculate various mathematical and
statistical indicators, including the indicators related
to all frequency points and the indicators related
to resonance and antiresonance. This mathematical
indicator-based method has been most widely used.

2) The advanced artificial intelligence (AI) method also
provides an alternative interpretation in which machine
learning classifiers could be used to detect the types,
extents, and locations of faults.

In the first method, Zhao et al. [12] analyze the influence of
winding interturn SC fault on FRA by establishing a gray box
model. It investigates the influence of faults on each resonant
point and then diagnoses the fault. The impact of stator core on
FRA is studied in [17] to verify the effectiveness of detecting
winding defects by the FRA method. Some researchers analyze
the relationship between winding faults and FRA curves and
provide a series of mathematical and statistical indicators
positively correlated with the fault degree [18].

In the second method, the indicators are often used for
fault classification by machine learning. Liu et al. [19] use the
support vector machine for winding fault classification based
on particle swarm optimization (SVM-PSO). Liu et al. [20]
also classify winding faults based on polar plots and multiple
SVM. Chen et al. [11] provide an anomaly detection method
named isolation forest (IF) to distinguish normal and fault
windings through unsupervised learning. In addition, although
the method of fault detection is not necessarily the frequency
responses, many researchers use advanced deep learning

methods to detect the faults, such as convolutional neural
network (CNN), recurrent neural network (RNN), and other
network structures [21].

So far, there is, however, no standard and reliable
interpretation code of frequency response. The current
technique still has the following defects.

1) For the mathematical indicator-based methods, the
structure of the synchronous machine is diverse from
that of the power transformer. The current diagnosis of
synchronous machines, however, refers to the standard
of frequency response analysis of power transformers
[12], which could be unreasonable. For instance, the
division of frequency band, namely, 1–100, 100–600,
and 600–1000 kHz, stands for low-frequency (LF),
middle-frequency (MF), and HF bands, respectively,
which might be unsuitable for the synchronous machine.

2) For the AI-based interpretation method, the common
problem is that the machine learning model is a
black-box model and cannot intuitively provide a
detection standard. Besides, there is no appropriate
method to reasonably explain and prove the detection
process. Relevant researchers cannot peep into the
internal diagnosis mechanism of the model and are
not sure whether these models work according to the
requirements.

Since deep learning has been widely applied to various
tasks with good performance, people have marveled at its
effectiveness while questioning its black box [22], [23],
[24], [25]. As the AI intelligence community grows, there
is a growing interest in how the model works, i.e., using
the interpretability method to explain its black box [23].
Understanding how models work can guide engineers in
feature engineering, direct data collecting, decisions making,
and building trust between models and people [24], [25]. In the
fault diagnosis community, there are relatively few works at
present. Yang et al. [26] intuitively observed the discriminative
features of different rolling bearing health conditions based
on the neuron activation maximization and the saliency map
methods. Fan et al. [27] use an attention mechanism to
understand fault signal characteristics of centrifugal fans from
different scales and dimensions. Currently, there is no relevant
work to use the interpretability model to understand IFRA for
the fault diagnosis of synchronous machine windings.

In this context, this study combines the image classification
model and the interpretability model Smooth Grad-CAM++
to visualize, analyze, and understand the mechanism of IFRA
for detecting synchronous machine winding SC faults. Perhaps
this study can conclude differently from previous studies,
which have been proven and confirmed in the experimental
test. The main contributions of this study are as follows.

1) For the first time, the interpretability technique of
deep learning is combined with IFRA to understand
synchronous machine winding SC faults.

2) This study first detects synchronous machine winding
SC faults based on image classification and frequency
response curves.

3) We combine previous standards to propose some
suggestions that are more sensitive and effective for
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winding SC faults diagnosis of synchronous machines,
which could have strong engineering implications.

The remainder of this study is organized as follows. The
principles of IFRA and Smooth Grad-CAM++ are briefly
introduced in Section II. The artificial fault experiment of
winding SC faults is presented in Section III. An image
classification model based on Resnet is established to
detect winding SC faults and compared with other image
classification models in Section IV. The mechanism of IFRA
is analyzed according to the visualization results of Smooth
Grad-CAM++ in Section V. Section VI introduces a case
study. Some discussions are in Section VII. Finally, the
conclusions and suggestions are provided in Section VIII.

II. BRIEF INTRODUCTION OF

CORRESPONDING METHODS

A. Theory of IFRA
Recently, researchers have achieved good results by using

IFRA to extract the winding faults characteristics of power
transformers [17], [18], [19]. Windings of synchronous
machines and power transformers have similar components.
Thus, the IFRA technique could be transferred to detect
synchronous machine winding faults [11], [12]. The essence of
IFRA is that under the action of an HF impulse signal Vin(k),
the stator winding of each slot can be regarded as a two-port
network composed of inductance, capacitance, and resistance.
Its transfer function H (k), is determined accordingly for
a certain synchronous machine. When the winding of the
synchronous machine has an interturn or ground SC fault, the
parameters of its equivalent circuit model will change; that is,
the transfer function will change. Transfer function H (k) can
be obtained according to the input Vin(k) and output Iout(k).
Similarly, the output can also use the response voltage

Vin (k) =
N−1∑
n=0

vin (n) e− j 2π
N kn (1)

Iout (k) =
N−1∑
n=0

iout (n) e− j 2π
N kn (2)

H (k) = 20 log10
|Iout (k) |
|Vin (k) | (3)

where vin(n) and iout(n) are the N points sampling signal of
impulse voltage and response current; Vin(k) and Iout(k) are
fast Fourier transforms (FFTs) of vin(n) and iout(n); H (k) is
the transfer function.

B. Theory of Smooth Grad-CAM++
To explain how deep learning works, researchers proposed

a visualization method named class activation map (CAM)
without training [28]. Then an improved method called
Smooth Grad-CAM++ was proposed [29], and its frame
diagram is shown in Fig. 1.

Generally, CAM uses the gradient of Y c to reflect the
influence of the feature map on each element of the last layer
of CNN

∂Y c

∂ AK
i, j

(4)

where c represents the predicted label, Y is the output, K
represents the K th convolution kernel in the convolution layer,
and (i , j ) represents the values of row i and column j of the
convolution kernel; A is the output of the convolution layer,
as shown in Fig. 1.

Compared with the CAM, Smooth Grad-CAM++ adds
Gaussian noise to the original input, a simple way to improve
gradient sensitivity

Mn
c (x) = Yc

(
x + N

(
0, σ 2

))
(5)

DK (i, j ),c
1,n (x) = ∂Mn

c (x)

∂ AK
i, j

(6)

DK (i, j ),c
2,n (x) = ∂2 Mn

c (x)

∂2 AK
i, j

(7)

DK (i, j ),c
3,n (x) = ∂3Mn

c (x)

∂2 AK
i, j

(8)

where DK (i, j ),c
1,n (x) represents the first-order partial derivatives

of location (i , j) of the nth sample of kth convolution kernel
of the convolution layer, the predicted label of which is c,
added with Gaussian noise N(0, σ 2), the mean is 0, and
default standard deviation is usually 0.15. The same rule can

be adapted to DK (i, j ),c
2,n (x) and DK (i, j ),c

3,n (x), which are second
and third-order partial derivatives, respectively.

aK (i, j )
c captures the importance of location (i , j) for

activation map AK
i, j for label c (9), shown at the bottom of

the page.
W c

k captures the importance of a particular activation map
AK

i, j by

W c
k =

I∑
i=1

J∑
j=1

aK (i, j )
c Relu

(
1

N

N∑
n=1

DK (i, j ),c
1,n

)
. (10)

Lc
i, j captures the important location of classification

Lc
i, j = Relu

(
K∑

k=1

W k(i, j )
c Ak

i, j

)
. (11)

Then, Lc
i, j is visualized as the heat map in Fig. 1. The

visualization result process, combined Lc
i, j with the actual

picture input, is shown in Fig. 2.

III. ARTIFICIAL FAULT EXPERIMENT

OF WINDING SC FAULTS

A. Introduction of the Winding SC Faults Artificial
Simulation Platform

IFRA measurement is carried out on a 5 kW, three-
phase, salient pole synchronous machine winding (without

aK (i, j )
c =

1
N

∑N
n=1 DK (i, j ),c

1,n

2
N

∑N
n=1 DK (i, j ),c

2,n + ∑I
i=1

∑J
j=1 AK

i, j
1
N

∑N
n=1 DK (i, j ),c

3,n

(9)
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Fig. 1. Frame diagram of smooth grad-CAM++.

Fig. 2. Visualization result processing process (Lc
i,j is output based on Smooth Grad-CAM++; input is the red, green and blue (RGB) value of IFRA

curve image; resize is to fill the heatmap to the same size as the input).

TABLE I
NAMEPLATE VALUES OF SYNCHRONOUS MACHINE

rotor). The nameplate of the synchronous machine is shown
in Table I. Fig. 3(a) shows the actual experimental wiring
diagram, and Fig. 3(b) shows the measurement wiring
diagram. The winding SC faults artificial simulation platform
comprises a homemade pulse generator (pulse amplitude of 0–
4 kV, the leading edge time is within 40 ns, and the pulsewidth
is adjusted in 10–1000 ns), a current sensor (model: 150,
Pearson, bandwidth: 40 Hz–20 MHz, sensitivity: 0.5 V/A),
a voltage probe (model: P5100A, Tektronix, bandwidth:
500 MHz), and an oscilloscope (model: MDO4104C,
Tektronix, bandwidth: 1 GHz). In Fig. 3, the excitation voltage
and response current are measured using a voltage probe and
a current sensor. An oscilloscope records the waveform. Many
IFRA tests are carried out under the same state.

The excitation and response signals of 64 measurements
are averaged to reduce the impact of white noise on the
measurement. The pulse amplitude is 480 V, the pulsewidth
is less than 700 ns, the rising time is less than 50 ns, and
the pulse waveform is shown in Fig. 4. The sampling rate
is 25 MHz, and the sampling point is 10 k. Finally, the average
time-domain signal is used for IFRA.

B. Artificial Fault Experiment of Winding SC Faults
According to [11], [30], and [31], the ground and interturn

SC winding faults are artificially simulated on the synchronous
machine in this study. The experiments simulate the ground
SC faults of different degrees by inserting a 40/20/10/0 �
resistance at slot 1. The wiring diagram is shown in Fig. 5(a),
and the typical IFRA curves are shown in Fig. 6(a). Windings
in slots 1, 2, and 3 of the U-phase are SC to simulate different
degrees of interturn SC faults. In addition, to obtain more data
on different SC fault degrees, this study parallels the resistance
values of 10 � to slots 1, 2, and 3, respectively, to simulate
the change of fault degree. The simulated wiring diagram
of interturn SC faults is shown in Fig. 5(b), and the typical
IFRA curves are shown in Fig. 6(b). It can be seen in Fig. 6
that:

1) The IFRA curves of faulty winding are different from
those of healthy winding, which makes it possible to
detect and recognize the winding SC faults. The related
references [17], [32], and [33] also detect winding faults
by differences between frequency response curves.

2) The ground SC faults will cause the shift of the
resonance point around 50 kHz to the HF band, and
the smaller the resistance is, the more the IFRA curve
deviates from the normal curve. The IFRA curves
beyond 400 kHz, however, remain unchanged.

3) The interturn SC faults will also cause the shift of the
resonance point around 50 kHz to the HF band. The
variation of resonance is, however, not as significant
as that of ground SC faults. What is more, the IFRA
curves show a considerable variation in the range of
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Fig. 3. Measurement experiment diagram of winding SC faults artificial
simulation platform. (a) Actual wiring diagram. (b) Measurement wiring
diagram.

Fig. 4. Pulse waveform.

300–600 kHz, which is quite different from ground SC
faults.

4) Under all fault situations, the faulty IFRA curves are
similar to the normal curves at 600–1000 kHz. It shows
that the two SC fault types have a limited impact on the
HF band of frequency response. The HF band of IFRA
is mainly dominated by equivalent capacitance, while
the SC faults have an insignificant effect on equivalent
capacitance [14].

The various winding SC faults of the synchronous machine
are artificially stimulated, and an IFRA dataset is constructed.
The dataset contains nine types. All fault types, degrees, and
locations of machine winding SC faults are not included in
this setup, but the most common fault type, namely, the
ground and interturn SC faults, are included. This article
aims to understand the mechanism of IFRA based on the
image classification model. Thus, this setup is feasible and
meaningful. There are 1808 sample data in the training set
and 270 sample data in the test set. The details of the IFRA
dataset are shown in Table II.

Fig. 5. Artificially simulated winding SC faults wiring diagram.
(a) Simulated wiring diagram of ground SC faults. (b) Simulated wiring
diagram of interturn SC faults.

Fig. 6. IFRA curves of the synchronous machine in various winding
fault states. (a) IFRA of ground SC faults in different degrees. (b) IFRA
of interturn SC faults in different degrees.

IV. ESTABLISHMENT OF WINDING SC FAULTS

DETECTION MODEL BASED ON IMAGE CLASSIFICATION

A. Training Parameter Setting
Table III shows the configuration of the server when training

image classification models. The loss function is cross-entropy,
the mini-batch is 32, the epoch is 100, the optimizer is
stochastic gradient descent (SGD), and the learning rate
is 0.001.

Authorized licensed use limited to: Huazhong University of Science and Technology. Downloaded on July 02,2023 at 08:07:11 UTC from IEEE Xplore.  Restrictions apply. 



CHEN et al.: UNDERSTANDING IFRA FOR DETECTING SYNCHRONOUS MACHINE WINDING SC FAULTS 2427

TABLE II
IFRA DATASET OF THE SYNCHRONOUS MACHINE

UNDER VARIOUS FAULT STATUSES

TABLE III
SERVER HARDWARE AND SOFTWARE CONFIGURATION

TABLE IV
STATISTICAL ACCURACY OF DIFFERENT

IMAGE CLASSIFICATION MODELS

B. Comparison of Different Image Classification Models
Deep learning methods for detecting machine winding SC

faults based on image classification models are established and
compared, and Table IV shows the average accuracy on the
test set under 20 repeated experiments. Table IV shows that
the average accuracy of Resnet18 is the highest, almost 100%,
demonstrating its better performance than other networks. The
reasons are as follows.

1) For large-scale Resnet, for instance, Resnet101, the
training set has too few samples to update its parameters
effectively, so the accuracy of the test set is reduced.
Besides, there might be overfitting in large-scale Resnet,
resulting in low accuracy in the test set.

2) Compared with different traditional datasets (Cifar-10,
ImageNet, etc.), there is little difference between the
IFRA curves of variable winding faults. Thus, Lenet
is too simple to capture the various faults’ feature
information. The Alexnet and Vgg are less accurate than
Resnet because the ability of this network to extract
feature information is weaker than Resnet. On the other
hand, gradient disappearance and explosion may be
challenging to update the models’(except Resnet-based
models) parameters effectively.

Ground SC fault(1-G) Ground SC fault(1-G-10 ) Ground SC fault(1-G-20 )

Ground SC fault(1-G-40 )

Normal

Inter-turn SC fault(1-2) Inter-turn  SC fault(1-2-10 )

Inter-turn SC fault(1-3) Inter-turn  SC fault(1-3-10 )

Fig. 7. Visualization results based on Resnet18 (99.63%) and Smooth
Grad-CAM++ (To ensure the fairness of the comparison, all the
experiments are carried out with the same samples, but the visualization
results are universal).

3) According to the size of the IFRA dataset in this study,
Resnet18 is more suitable. It will not have overfitting and
underfitting caused by a too complex or simple structure.

V. IFRA DIFFERENCE ANALYSIS BASED

ON SMOOTH GRAD-CAM++
A. Visualization Results Based on Resnet18 and
Smooth Grad-CAM++

Fig. 7 shows the visualization results based on Resnet18
(test set accuracy: 99.63%) and Smooth Grad-CAM++. It can
be seen in Fig. 7.

1) For ground SC faults, Resnet18 focuses on the IFRA
curve from 1–400 kHz, and the HF band will also impact
the classification process. It may be that the neural
network focuses on the differences that the human eye
does not [25]. The visualization result corresponds to the
difference between IFRA curves of ground SC faults and
normal winding, as shown in Fig. 6(a).

2) For interturn SC faults, it can be seen from Fig. 7
that the difference around 300–600 kHz between IFRA
curves of interturn SC faults and normal winding is the
largest, which also corresponds to Fig. 6(b).

3) For normal winding, its IFRA curve around the first
resonance is different from that of other fault types, and
it shows that the information of the first resonance point
can be used to analyze the winding fault, which is also
confirmed in [12].

4) According to the visualization results, as shown in
Fig. 7, it can be demonstrated that the Resnet18
does extract the differences between variable frequency
response curves and take it as the detection standard.

To illustrate the experiments’ transparency, Fig. 8 shows
visualization results based on Resnet18 (test set accuracy:
83.70%) and Smooth Grad-CAM++. It can be seen in Fig. 8
that Resnet18 cannot accurately capture the difference between
frequency response curves when the accuracy is 83.70%. This
indicates that the models’ accuracy correlates positively with
their feature information extraction capability.
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Ground SC fault(1-G) Ground SC fault(1-G-10 ) Ground SC fault(1-G-20 )

Ground SC fault(1-G-40 )

Normal

Inter-turn SC fault(1-2) Inter-turn  SC fault(1-2-10 )

Inter-turn SC fault(1-3) Inter-turn  SC fault(1-3-10 )

Fig. 8. Visualization results based on Resnet18 (83.70%) and Smooth
Grad-CAM++.

TABLE V
CHINESE POWER INDUSTRY STANDARD DL/T 911

To further illustrate whether the visualization results of
Smooth Grad-CAM++ are effective, the IFRA curve is
analyzed quantitatively. This study uses the mathematical and
statistical indicator, the relative coefficient RXY , to analyze the
faulty IFRA curves. The division of frequency band does not
refer to this indicator’s standard, the Chinese power industry
standard DL/T 911 shown in Table V, but according to the
results in Fig. 7: 1) for ground SC faults, the frequency
range is divided into LF 1–400 kHz, MF 400–800 kHz, and
HF 800–1000 kHz and 2) for interturn SC faults, the frequency
range is divided into LF 1–300 kHz, MF 300–600 kHz,
and HF 600–1000 kHz. The RXY is calculated as follows
(12)–(15), as shown at the bottom of the next page, where
Xi and Yi are the i th elements of the measured normal IFRA
and measured IFRA of different faults, respectively, and N is
the number of elements. The smaller the RXY is, the more
severe fault is.

Table VI shows the Rxy of all winding SC faults based
on original DL/T 911 [12], and all states are detected by
Table V. Tables VII and VIII show the RXY and states
of ground and interturn SC faults in different degrees
according to new frequency bands with DL/T 911. From
Tables VI to VIII, it can be seen that,

1) If the original DL/T911 standard is used to detect the
relevant IFRA data, there are two obvious errors in
Table VI. The first one is that all ground SC faults are
moderate, while the real SC faults are devastating to the
machines [1] and should be severe. The second is that
the interturn SC fault (1–2–10 �) is detected as normal.

TABLE VI
Rxy AND STATE ACCORDING TO DL/T 911

TABLE VII
Rxy OF GROUND SC FAULTS IN DIFFERENT DEGREES

ACCORDING TO NEW FREQUENCY BANDS

TABLE VIII
Rxy OF INTERTURN SC FAULTS IN DIFFERENT DEGREES

ACCORDING TO NEW FREQUENCY BANDS

2) But when the frequency bands obtained from
the visualization results are used, the reliability
of the diagnosis is significantly improved in
Tables VII and VIII.

3) The most significant difference between IFRA curves of
all winding states corresponds to the visualization results
of Fig. 7 based on Smooth Grad-CAM++. In addition,
it also shows that the trained Resnet18 is very effective.

4) We give some effective suggestions based on the above
results. Although it may not apply to all machines,
it may apply to machines of the same type as the
experimental objects in this study. If one wants to detect
the ground SC faults, more attention should be paid to
1–400 kHz. A similar suggestion may be extended to
interturn SC fault, but the frequency band changes
to 300–600 kHz.
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Fig. 9. Visualization results using Resnet18 under different blocks.

In addition, we can get the visualization results of different
convolution layers based on Smooth Grad-CAM++. The
Resnet18 has four blocks. Fig. 9 shows the visualization
results under different blocks. It shows that the more
layers behind, the more classification details captured by the
convolution layer, so the clearer the visualization result of
Smooth Grad-CAM++.

B. Visualization Results of Other Image Classification
Models

The visualization results based on Smooth Grad-CAM++
can also be used to explain the poor performance of some
other image classification models. This study takes Alexnet as
an example, and Fig. 10 shows the visualization results based
on Alexnet. It can be seen from Fig. 10 that Alexnet pays
attention to the LF range. The most significant difference of
IFRA is, however, around 300–600 kHz for interturn SC faults,
which shows that the low classification accuracy of Alexnet is
due to the failure to extract the feature information of interturn
SC faults.

C. Selection of Coordinate and Frequency Band
Many researchers [17], [33] believe that the changes of

IFRA at the LF band are noticeable, caused by some fault
types that undoubtedly change the equivalent inductance of

Fig. 10. Visualization results based on Alexnet and Smooth Grad-
CAM++.

winding. Thus, IFRA in logarithmic coordinate is often used
to analyze winding faults. This study also uses the IFRA
dataset in logarithmic coordinates to train Resnet18. It is found
that the accuracy of the test set is 89.63%, which does not
achieve the expectation. The Smooth Grad-CAM++ is also
used to visualize the trained Resnet18, as shown in Fig. 11.
As can be seen in Fig. 11, the low accuracy of Resnet18
is due to the fact that the frequency range (300–600 kHz)
with significant differences is compressed and logarithmic
coordinate makes network focus more on 1–100 kHz with
slight differences. Thus, to better detect winding faults when
using image classification models, a linear coordinate of IFRA
is suggested.

In addition, as mentioned in the introduction, the current
diagnosis of synchronous machines refers to the FRA standard
of power transformers [11], [12]. Thus, some researchers [12],
[32], [33] directly use a frequency band of 1–1000 kHz to
detect synchronous machine winding SC faults but do not
provide the corresponding experimental analysis and basis
(results in Table IV also are obtained by this frequency
range). Here, the models’ average accuracy, training time (time
required to train a model), and detection time (time required
to detect the test set) are used to explain this issue. Table IX
shows the average accuracy, training time, and detection time
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Fig. 11. Resnet18 visualization results in logarithmic coordinates.

TABLE IX
ACCURACY OF RESNET18 IN DIFFERENT FREQUENCY RANGES

of Resnet18 using different frequency ranges. It can be seen
in Table IX that,

1) Using an IFRA of 1–1000 kHz does not have certain
advantages, and it needs extra time, although its average
accuracy is higher than that in other frequency ranges.

2) If the frequency range of 1–600 kHz is used, the
amount of calculation can be reduced on the premise
of maintaining the model’s accuracy, which also
corresponds to the visualization results in Fig. 7.

D. Comparison of Different Interpretability Models
Fig. 12 shows the visualization results under the inter-

pretability model CAM. Compared to the visualization results
in Fig. 7, the results in Fig. 12 appear to have no focus. This
is because the CAM is only a sensitivity analysis of a single
output, as shown in (4), without considering the surrounding
outputs.

VI. CASE STUDY

The machine involved in the case study is an 8 kW
synchronous machine, as shown in Fig. 13. The frequency
response curves in the ground and interturn SC fault, shown
in Fig. 14, are obtained using the same experimental setup
in Section III. Table X is Rxy of winding SC faults based
on the original DL/T 911. Tables XI and XII show the Rxy

and states of ground and interturn SC faults according to new
frequency bands. Fig. 14 and Tables XI and XII show that
the suggestions (using new frequency bands) given in this
study are generalized for similar synchronous machines, and
some conclusions (change of the first resonance point) are
reproducible.

Ground SC fault(1-G) Ground SC fault(1-G-10 ) Ground SC fault(1-G-20 )

Ground SC fault(1-G-40 )

Normal

Inter-turn SC fault(1-2) Inter-turn  SC fault(1-2-10 )

Inter-turn SC fault(1-3) Inter-turn  SC fault(1-3-10 )

Fig. 12. Visualization results based on Resnet18 and CAM.

DC power 

supply

Frequency

converter

Isolation 

transformer

Synchronous

machine

Resistance

Fig. 13. 8 KW synchronous machine physical diagram.

Fig. 14. IFRA curves of the 8 kW synchronous machine in ground SC
fault and interturn SC fault.

VII. DISCUSSION

The proposed conclusions differ from previous related
studies [11], [12], [15], [16], [17] based on the FRA standard
of power transformers, for instance, using linear coordinates
and changing the subfrequency bands to calculate the
mathematical and statistical indicator. Synchronous machines
and transformers have more significant differences in structure
and operating environment, so it is acceptable to use a different
standard.
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TABLE X
Rxy AND STATE ACCORDING TO DL/T 911 UNDER 8 KW MACHINE

TABLE XI
Rxy OF GROUND SC FAULTS ACCORDING

TO NEW FREQUENCY BANDS

TABLE XII
Rxy OF GROUND SC FAULTS ACCORDING

TO NEW FREQUENCY BANDS

The differences in IFRA curves in Fig. 6 seems relatively
small; however, in the subfrequency bands, there are
indeed some differences (1–400 kHz for ground SC faults,
300–600 kHz for interturn SC faults). It may be challenging
to observe these differences visually, but the proposed method
based on deep learning provides objective visualization results
of the difference, and it shows that the deep learning-based
diagnosis process is based on those differences to detect the
relevant faults. According to visualization results, this study
provides suggestions for diagnosing synchronous machine
winding SC faults by frequency response, which corresponds
to the previous works, but there are subtle differences in the
data processing.

In Section V, we change the relevant frequency bands based
on the visualization results, which obviously improved the
accuracy of using the mathematical and statistical indicator
to detect the severity of synchronous machine winding SC
faults. Thus, before detecting the winding faults, the relevant
visualization results and new subfrequency bands can be
analyzed according to the proposed method if the fault dataset
is obtained by precision modeling and true-type experiments,
which could increase the performance of the diagnosis method.

In Section VI, we use a case study of an 8 kW synchronous
machine to illustrate that our proposed suggestions are
informative for similar machines. Perhaps the derived
conclusions in this study only correspond to the same type
of machine as the experimental machine because of data
insufficiency. This article, however, provides a general method
to understand the detection mechanism of the IFRA method,
which is beneficial for researchers to have a more objective
interpretation of the frequency response curve for their
machines.

VIII. CONCLUSION

This study proposes a method to visualize, analyze,
and understand the mechanism of IFRA for detecting
synchronous machine winding SC faults based on the image

classification model and Smooth Grad-CAM++. According to
the experimental results, the following conclusions are drawn.

1) According to the accuracy comparison results of the
different typical image classification models, when using
the image classification method to detect synchronous
machines’ winding SC faults, if the dataset is small,
Resnet18 can be used. The accuracy of this network
is high, which are easy to prevent underfitting and
overfitting.

2) According to the results of the visualization experiment,
the following more general suggestions are provided for
synchronous machines of the same type as the test object
in this study. When detecting SC faults based on IFRA,
the ground SC fault should focus on the LF band, while
the interturn SC fault can concentrate on the MF band
of IFRA, respectively. It is suggested to use IFRA with
linear coordinates to detect SC faults when the image
classification method is used, which can better capture
the MF and HF oscillation areas. The first resonance
point of the IFRA curve can be given special and careful
attention for detecting winding SC faults.

3) There is no need to use the information of the entire
1–1000 kHz, while the amount of calculation can be
reduced with particular frequency bands.

4) By changing subfrequency bands of frequency response
based on visualization results of Smooth Grad-CAM++,
the diagnosis performance of the statistical indicator
based on new subfrequency bands is improved compared
with that based on the original DL/T 911 standard.

5) The proposed method can guide the models’ training
process and data collection and be used to judge
whether the models pay attention to the IFRA’s feature
information and improve the models’ reliability. In the
future, more diverse IFRA datasets will be produced,
enabling interpretability models to be applied to various
synchronous machines.
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