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Abstract
Fault diagnosis of analog circuits is a classical problem, and its difficulty lies in the similarity between fault features. To 
address the issue, an end-to-end mutually exclusive autoencoder (EEMEAE) fault diagnosis method for analog circuits is 
proposed. In order to make full use of the advantages of Fourier transform(FT) and wavelet packet transform(WPT) for 
extracting signal features, the original signals processed by FT and WPT are fed into two autoencoders respectively. The 
hidden layers of the autoencoders are mutually exclusive by Euclidean distance restriction. And the reconstruction layer is 
replaced by a softmax layer and 1-norm combined with cross-entropy that can effectively enhance the discriminability of 
features. Finally, the learning rate is adjusted adaptively by the difference of loss function to further improve the convergence 
speed and diagnostic performance of the model. The proposed method is verified by the simulation circuit and actual circuit 
and the experimental results illustrate that it is effective.

Keywords  Analog circuit · Discriminability · End-to-end mutually exclusive autoencoder · Fault diagnosis · Fourier 
transform · Wavelet packet transform

1  Introduction

Analog circuits are widely used in national defense, military, 
aerospace, and so on. When a fault occurs in analog circuits, 
it can cause partial function failure or performance degrada-
tion, and in serious cases, it can even lead to the paralysis of 
the whole system, so fault diagnosis technology for analog 
circuits is gradually becoming a hot research topic. Analog 
circuit faults can be classified as parametric faults and cata-
strophic faults. Parametric faults refer to device parameters 
deviating from the normal tolerance range. Catastrophic 

faults mean open and short in circuits. If parametric faults 
occur in a circuit, locating it can avoid circuit function fail-
ure and even reduce the probability of catastrophic faults. 
The difference between parametric faults and normal toler-
ance range is not obvious which will affect the accuracy 
of fault diagnosis  [23]. Therefore, it is very important to 
extract features with high discriminability.

In analog circuit fault diagnosis, data-driven fault diag-
nosis methods include two steps: fault feature extraction 
and fault classification  [15]. The methods of fault feature 
extraction generally include wavelet transform  [12, 17], 
Fourier transform  [25], S transform  [9], Hilbert-Huang 
transform  [14], and Gabor analysis  [10]. But a lot of 
redundant information is compressing high-dimensional 
features into low-dimensional features while retaining as 
much information as possible. Song et al. extracted statisti-
cal features from processed signals by using the fractional 
Fourier transform in the optimal fractional order domain 
and reduced features dimension through kernel principal 
components analysis(KPCA),which had a better diagnostic 
effect compared with the wavelet feature, frequency fea-
ture, and conventional time domain feature  [11]. He et al. 
carried out feature dimension reduction through Hilbert-
Schmidt independent criterion and Kernel Fischer linear 
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discriminant analysis and sent it into a naive Bayes classi-
fier to achieve fault diagnosis  [5]. Yuan et al. considered 
the geometric structure of fault data in a high-dimensional 
space and proposed a new fault feature dimension reduc-
tion algorithm based on locally linear embedding and data 
mining, and the results showed that it had a good effect on 
dimension reduction  [22]. Arabi et al. extracted features 
from frequency responses and transient responses for clas-
sifier training and used variable dimension reduction to 
reduce the number of features, different classifiers selected 
different feature combinations, which had good diagnostic 
effects  [1].

However, the above dimension reduction methods usu-
ally lead to information loss. By contrast, deep learning 
can be utilized to extract deep features and has a strong 
learning ability  [2, 6]. Zhang et al., Zhao et al. and Liu 
et  al. applied the deep belief network in the field of 
analog circuit fault diagnosis  [8, 23, 26], and then Zhang 
et al. applied particle swarm optimization algorithm in 
deep belief network to optimize structural parameters 
and improve performance  [24]. Gao et al. proposed the 
denoising sparse deep autoencoder and adopted linear 
discriminant analysis for linear dimension reduction to 
obtain the maximum clustering feature of the signal, but 
this method failed to make full use of the autoencoder for 
automatic feature extraction [3]. To improve the training 
efficiency, Yang et al. proposed a method in which encod-
ers, decoders, and classifiers are trained simultaneously 
and the maximum clustering characteristics of features are 
improved  [20]. Yang et al. used a one-dimensional con-
volutional neural network (1D-CNN) to realize the fault 
diagnosis of fourth-order Butterworth low-pass filter cir-
cuit and proved its excellent performance  [19]. It can be 
seen from the above that deep learning has advantages in 
fault diagnosis.

Most scholars' diagnostic models are applicable when 
fault value is constant  [11, 13, 18, 20], but their effective-
ness is not clear when fault value varies within a range. In 
actual conditions, fault value varies within a range, and com-
pared to the case where fault value is constant, the diagnosis 
is more difficult.

To address the issue, an end-to-end mutually exclusive 
autoencoder (EEMEAE) of analog circuits fault diagnosis 
method is proposed in the paper. Wavelet packet transform 
and Fourier transform high-level complementary features are 
extracted by EEMEAE. 1-norm is used to minimize intra-
class distance and maximize inter-class distance, combined 
with cross-entropy to improve the discriminability of fea-
tures. The convergence speed and diagnostic performance 
of the model are further improved by adaptive learning rate 
adjustment. The effectiveness of the proposed method is 
verified by the four-opamp biquad high-pass filter circuit, 
and the results show that it is effective.

2 � The Proposed Model

2.1 � Mutually Exclusive Autoencoder

Different faults are sensitive to different signal processing 
methods. To extract high-level features of wavelet packet trans-
form (WPT) and Fourier transform (FT), a mutually exclu-
sive autoencoder model is proposed. The mutually exclusive 
autoencoder model is shown in Fig. 1.

The mutually exclusive autoencoder is composed of two 
autoencoders with the same structure. The features of the 
hidden layers are mutually exclusive by maximizing the 
Euclidean distance. Although the two autoencoders have the 
same structure, after the wavelet packet transform and Fourier 
transform are input to the two autoencoders for training, the 
network weights will be different, so the extracted features 
will be different.

The wavelet transform features are represented by 
x = {x1,x2,x3,…,xn}. The Fourier transform features are rep-
resented by t = {t1,t2,t3,…,tn}, High-level features extracted 
from autoencoder are represented by h = {h1,h2,h3,…hm}, We 
is a weight matrix and be is a bias vector. It can be obtained 
by formula (1)

The autoencoder network weights are adjusted by minimiz-
ing the input samples and reconstructing errors. Reconstructed 
samples can be obtained by the decoder, and reconstructed 
samples are represented by z = {z1,z2,z3,…zn}. Wd is a weight 
matrix and bd is a bias vector. It can be obtained by formula (1)

The mutually exclusive hidden layers are represented by the 
following formula (3).

h1 and h2 respectively represent the high-level features of 
wavelet packet transform and Fourier transform, D is a 

(1)h = fe
(
Wex + be

)

(2)z = fae(Wdh + bd)

(3)M = ‖h
1
− h

2
�2 − D�

Fig. 1   Mutually exclusive autoencoder
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number greater than zero. When the difference between 
the Euclidean distance of h1 and h2 and D is decreased, the 
Euclidean distance of h1 and h2 increases.

To extract high-level complementary features of wavelet 
packet transform and Fourier transform, the loss function is 
shown in (4).

The ew and ef are the reconstructed errors of wavelet packet 
transform and Fourier transform respectively, and M achieves 
mutual exclusion between features. a, b and c are coefficients 
used to control the proportion of reconstruction error and 
mutually exclusive features.

2.2 � An End‑to‑End Mutually Exclusive Autoencoder 
for Analog Diagnosis

The fault features of analog circuits are very similar, However, 
the traditional autoencoder uses the reconstructed error as the 
loss function. It blurs the distinguishability between classes. 
To extract distinguishable features, a new joint 1-norm and 
cross-entropy loss function is proposed.

Sij is used to limit the 1-norm between the features of the 
hidden layer. If the training samples xi and xj are the same 
label Sij = 0; If the training samples xi and xj are different 
labels Sij = c, c is a number greater than zero. When the 
optimizer is introduced to minimize the loss function, if the 
training samples are the same label, |hi-hj| will be minimized 
to make the same fault class features more compact. If train-
ing sample labels are different, ||hi-hj|-Sij| will be minimized. 
The Sij is a number greater than zero, |hi-hj| closes to Sij to 
increase the distance between classes making different fault 
class features more distinguishable.

To further improve the feature distinguishability, the soft-
max classifier is introduced to calculate the cross entropy of 
hidden layer features. The probability that the ith input sample 
features belong to the type j fault is shown in (6), and the cross 
entropy can be calculated as shown in (7).

(4)Y = aew + bM + cef

(5)E =

N�

i=1

N�

j=1

‖h
1
− hj� − Sij�

(6)Pj =
e
f i
j

∑
j

ef
j

i

(7)L =

N∑

i=1

N∑

J=1

y
j

i
logPj

The joint 1-norm and cross-entropy loss function are 
introduced into the mutually exclusive autoencoder to con-
struct EEMA model, whose loss function is shown in (8)

The end-to-end mutually exclusive autoencoder model 
uses the gradient descent algorithm and the backpropaga-
tion algorithm to adjust the network weights, to obtain the 
abstract features in the sample. The weights and bias of the 
autoencoder receiving the wavelet packet transform feature 
set are respectively

Ww is a weight matrix, bw is a bias vector, and �1 is a learn-
ing rate.

The connection weights and bias of the autoencoder 
receiving the Fourier transform feature set are respectively

Wf is a weight matrix, bf is a bias vector, and �2 is a learn-
ing rate.

2.3 � Adaptive Learning Rate Adjustment

The learning rate plays an important role in weights and 
bias updates. Li et al. used a particle swarm algorithm to 
optimize the learning rate of deep belief network, and used 
diagnosis accuracy as the particle swarm fitness function  
[7], This method requires training model in each iteration, 
which leads to optimization time being long.

To avoid the above problem, an adaptive learning rate 
adjustment method is introduced. Haidong et al. improve 
the convergence speed of the algorithm through the differ-
ence of loss function adjustment  [4], however, this method 
is limited. When the loss function enters the plain area (the 
loss function value hardly changes), the learning rate tends 
to be unchanged. In order to solve this problem, the attenu-
ation mechanism was introduced to make it jump out of the 
plain area. Frequent updates of learning rates do not take full 
advantage of the optimal learning rate in the phase, a holding 

(8)minJ(�) = �L + �E + �M

(9)Ww = Ww − �1
�J(�)

�Ww

(10)bw = bw − �1
�J(�)

�bw

(11)Wf = Wf − �2
�L

�Wf

(12)bf = bf − �2
�L

�bf
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mechanism was introduced. When the loss function decline 
value was greater than the threshold (the threshold is set in 
advance), the learning rate was kept unchanged.

N is the tracking coefficient, E(t + 1) and E(t) denote the 
value of the loss function at iterations t + 1 and t.

2.4 � Fault Diagnosis Flow

In this paper, an end-to-end mutually exclusive autoencoder 
(EEMEAE) fault diagnosis method for analog circuits is pro-
posed. The framework diagram of the proposed method is 
shown in Fig. 2, and the algorithm flow is described as follows.

Step 1: PSPICE is used for circuit simulation, the faults 
are injected for Monte Carlo analysis, and time domain 

(13)�(t + 1) = (1 + �) ∗ �

(14)� = N ∗ (1 − e
E(t+1)−E(t)

)

signals of all fault classes in the output are measured 
and saved.
Step 2: The time domain signals are processed by wavelet 
packet transform and Fourier transform, and they are split 
into the training set and the testing set.
Step 3: The original signals are sent to the autoencoder 
1 after Fourier transform. The reconstruction layer is 
removed and a softmax layer is introduced. The differ-
ence between the cross entropy of the last iteration and 
the cross entropy of the current iteration is calculated to 
adjust the learning rate.
Step 4: The original signals are sent to the autoencoder 2 
after wavelet packet transform. The reconstruction layer 
of the autoencoder is removed, the loss function of joint 
1-norm and cross-entropy is introduced, and the hidden 
layer features of the autoencoder1 and the autoencoder2 
trained in Step3 are mutually exclusive.
Step 5: When the number of iterations is reached, the 
training is terminated to obtain the best network param-
eters and save.

Fig. 2   Frame diagram of the 
proposed method
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Step 6: The features extracted by the EEMEAE are fed 
into the support vector machine (SVM) classifier and then 
testing samples are verified for the effectiveness of the 
proposed model.

3 � Experiment and Analysis

In the actual situation, the single fault of probability is much 
higher than that of multiple faults  [19]. Therefore, only a 
single fault is considered in the paper. The tolerance of resis-
tors and capacitors is set to 5% and 10%  [3]. The deviation 
of component parameters from the nominal value to  [20%, 
50%] is considered a soft fault.

3.1 � Fault Set Establishment

In this paper, the four-opamp biquad high-pass filter circuit 
is selected as the circuit under test (CUT), as shown in the 
Fig. 3. The excitation source is a pulse with an amplitude 
of 5 V, a rise time of 1us, a duration of 10us, a frequency of 
1 kHz, and a fall time of 10us.

The four-opamp biquad high-pass filter circuit contains 
12 components, and a component includes two kinds of 
faults. All kinds of fault modes are shown in the Table 1, 
↑ which indicates the parameter value rises, ↓ indicates the 
parameter value falls, and NF indicates a normal state.
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Fig. 3   Four-opamp biquad high-pass filter circuit

Table 1   Fault category

Fault Code Fault Class Nominal Value Fault Range

1 R1↑ 6.2kΩ  [6.82 k,9.3 k]
2 R1↓ 6.2kΩ  [3.1 k,5.58 k]
3 R2↑ 6.2kΩ  [6.82 k,9.3 k]
4 R2↓ 6.2kΩ  [3.1 k,5.58 k]
5 R3↑ 6.2kΩ  [6.82 k,9.3 k]
6 R3↓ 6.2kΩ  [3.1 k,5.58 k]
7 R4↑ 1.6kΩ  [1.76 k,2.4 k]
8 R4↓ 1.6kΩ  [0.8 k,1.44 k]
9 C1↑ 5nF  [5.5n,7.5n]
10 C1↓ 5nF  [2.5n,4.5n]
11 C2↑ 5nF  [5.5n,7.5n]
12 C2↓ 5nF  [2.5n,4.5n]
13 NF - -
14 R5↓ 5.1kΩ  [2.55 k,4.55 k]
15 R5↑ 5.1kΩ  [5.61 k,7.61 k]
16 R6↓ 5.1kΩ  [2.55 k,4.55 k]
17 R6↑ 5.1kΩ  [5.61 k,7.61 k]
18 R7↓ 10kΩ  [5.00 k,9.00 k]
19 R7↑ 10kΩ  [11.00 k,15.00 k]
20 R8↓ 10kΩ  [5.00 k,9.00 k]
21 R8↑ 10kΩ  [11.00 k,15.00 k]
22 R9↓ 10kΩ  [5.00 k,9.00 k]
23 R9↑ 10kΩ  [11.00 k,15.00 k]
24 R10↓ 10kΩ  [5.00 k,9.00 k]
25 R10↑ 10kΩ  [11.00 k,15.00 k]
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The excitation was input to CUT, and the time signals 
within 1 ms-1.4 ms of all fault types were collected at the 
output. The sampling time interval was 1us, so 400 sampling 
points are collected from each signal. Monte Carlo analysis 
is used to generate 300 signals for each fault, 200 signals are 
selected as the training set, and the remaining 100 signals 
are selected as the testing set.

3.2 � Fault Diagnosis and Classification

Through sensitivity analysis, the output voltage is more sensi-
tive to the components R1, R2, R3, R4, C1, and C2. A fault set 
containing 13 fault modes can be constructed, and the fault 
codes are from 1 to 13, as shown in Table 1 fault category.

The network structure of the autoencoder is 400-135-
101-56-X, and there are three hidden layers. The number of 
neurons in the hidden layers is 135, 101, and 56 respectively.

The number of neurons in the input layer is 400 depend-
ing on the number of sampling points, and the number of 
neurons in the output layer is X depending on the number of 
fault types. The initial learning rate is 0.01.

To verify the effectiveness of the proposed method, all 
fault classes are mapped on a two-dimensional feature map 
by T-SNE clustering visualization. Fault classes of the origi-
nal data are mixed. After EEMEAE feature extraction, the 
different fault modes have a high distinguishability. It is 
shown in Figs. 4, 5, 6, and 7.

To further evaluate the performance of fault diagnosis, each 
fault mode is classified by SVM. SVM is used without any 

optimization in the sklearn library. It can be seen from the con-
fusion matrix Figs. 8 and 9 that the fault classification is correct.

Most scholars only consider the fault of sensitive compo-
nents in analog circuit fault diagnosis. To reflect the supe-
riority of the proposed method in the paper, all the compo-
nents of the circuit are considered, which contains a total 
of 25 kinds of faults as shown in Table 1. All fault classes 
are mapped on a two-dimensional feature map by T-SNE 
clustering visualization.

3.3 � Comparison and Discussion

When only considering the fault of sensitive components, 
the proposed method improves the fault diagnosis accuracy 
to 100%, which is significantly higher than the fault diagno-
sis accuracy of other methods, as shown in Table 2.

Other methods consider only the case where the fault 
value is constant. In the paper, the case where fault value 
varies within a range is considered. It is compared with the 
case of the same fault degree, the diagnosis is more difficult.

When the case where the fault value varies within a range 
is considered in the other methods, the diagnosis accuracy 
of the proposed methods is higher, as shown in Table 3. 
Although the CUT is different, the number of fault types 
in this paper is the highest. The range of faults in this paper 
is the largest, the fault range is  [10%, 50%]. However, The 
fault ranges of DBN-CPSO  [23], S3VM  [16], and Bispec-
tral Models  [21] are  [5%, 25%],  [30%, 50%] and  [10%, 
20%], respectively.

Fig. 4   Original data visualiza-
tion (13 fault types)
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To further verify the validity of the proposed method, 
the time domain signal is processed by Fourier transform 
and wavelet packet transform, and they are combined into 

a long vector. Long vectors are fed into autoencoder called 
Fourier Wavelet autoencoder (FWAE), Fourier transform is 
fed into autoencoder called Fourier autoencoder (FTAE), 

Fig. 5   Feature visualization 
after feature extraction (13 fault 
types)

Fig. 6   Original data visualiza-
tion (25 fault types)
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wavelet packet transform is fed into autoencoder called 
wavelet packet autoencoder (WPAE). In the training set, the 
number of correctly classified samples of the 25 fault types 
is shown in Fig. 10. The fault diagnosis accuracy of FTAE 
is 98.3%, WPAE is 75.26%, FWAE is 97.9%, and EEMEAE 
is 99.76%.

In the testing set, the number of correctly classified 
samples is shown in Fig. 11. The diagnosis accuracy of 
FTAE, WPAE, FWAE, and EEMEAE is 64.76%, 75.08%, 
97.6%, and 99.64%, respectively. In the training set, 
the diagnosis accuracy of FTAE is second only to the 
EEMEAE, but in the testing set, the diagnosis accuracy 
of FTAE decreases significantly. It can be seen that the 
fault diagnosis cannot be accurately carried out only by 
wavelet packet transform or Fourier transform. Both in 
the training set and the testing set, the diagnosis accuracy 
of EEMEAE is the highest. FWAE and EEMEAE input 
data and structural parameters are the same, which further 
verifies the effectiveness of EEMEAE.

The component values of analog circuits are contin-
uous, so there are infinite fault values in a fault range. 
Therefore, good fault diagnosis performance in the case 
of insufficient training samples is great significance in 
analog circuit fault diagnosis. To verify the generalization 
performance of the proposed model, change the training 
sample proportion in all samples, it can be seen that, no 
matter how much the proportion of the training sample, 
the diagnosis accuracy rate of EEMEAE is always higher 
than the diagnosis accuracy of FWAE. When the train-
ing sample proportion is 40%, the diagnosis accuracy rate 
has reached 98.13%, which shows that EEMEAE has good 
generalization performance as shown in Fig. 12.

Fig. 7   Feature visualization 
after feature extraction (25 fault 
types)

Fig. 8   Confusion matrix (13 fault types)
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The effectiveness of the adaptive learning rate adjust-
ment strategy can be illustrated by Figs. 13 and 14. It can 
be seen that the adaptive learning rate adjustment can 
accelerate the convergence speed and loss function value 
is lower with the same number of iterations.

3.4 � Experimental Verification

To verify the practicability of the proposed method, the 
method is applied to an actual circuit of four-opamp 
biquad high-pass filter, as shown in Fig. 15.

The signal generator generates a pulse with an amplitude 
of 5 V, a duration of 20us, and a frequency of 1 kHz. R1, 

R2, R3, R4, R5, R6, R7, R8, R9, and R10 are selected as fault 
components respectively, and a total of 20 fault types are set. 
The parameter values of each fault implant component are 
shown in Table 1. When there is a fault in R2, the waveform 
is shown in Fig. 16.

Each fault type collects 50 data, 25 data are selected as 
training samples and the remaining 25 data are selected as 
testing samples. After feature extraction by EEMEAE, SVM 
is used for classification. As can be seen from Fig. 17, the 
fault diagnosis accuracy is 99.2%.It can be seen that the 
method can be used not only in the simulation circuit but 
also in the actual circuit.

Fig. 9   Confusion matrix (25 
fault types)

Table 2   Comparison of fault diagnosis results (13 fault types)

Method Classes Accuracy

ANFIS [1] 13 96.74%
DBN-GWO-SVM [13] 13 99.68%
FRFT-KPCA-SVM [11] 13 95.12%
Wavelet-fractal+ridgelet-NN [18] 13 98.52%
EEDAE [20] 13 99.27%
Proposed method 13 100%

Table 3   Comparison of fault diagnosis results

Method Classes Accuracy

DBN-CPSO [23] 15 98.13%
S3VM [16] 15 94.1%
Bispectral Models [21] 20 92%
Proposed method 25 99.64%
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Fig. 10   Fault diagnosis results 
of the training set

Fig. 11   Fault diagnosis results 
of the testing set
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Fig. 12   Fault diagnosis results 
of different proportions of train-
ing samples

Fig. 13   The loss function curve 
of adaptive learning rate adjust-
ment
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Fig. 14   The loss function curve 
of learning rate = 0.001

Fig. 15   Actual circuit of four-opamp biquad high-pass filter
Fig. 16   R2 fault waveform in the actual circuit
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4 � Conclusion

An end-to-end mutually exclusive autoencoder (EEMEAE) 
fault diagnosis method for analog circuits is proposed in 
this paper. The method uses two autoencoders to extract 
high-level features of Fourier transform and wavelet packet 
transform. In the loss function, Euclidean distance is used 
to realize mutual exclusion between features, and 1-norm 
and cross-entropy are combined to enhance the discrimi-
nability of features. To improve the convergence speed, the 
adaptive learning rate adjustment strategy is introduced. The 
effectiveness of the proposed method has been demonstrated 
through the four-opamp biquad high-pass filter circuit. In the 
simulation circuit, the fault diagnosis accuracy is higher by 
comparing with other fault diagnosis models. In the actual 
circuit, the fault diagnosis accuracy is excellent. In summary, 
the proposed method makes analog circuits maintainability 
better.
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