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INTERFERENCE SIGNAL INCREMENTAL RECOGNITION
BASED ON DOUBLE AUXILIARY LEARNING

SHAOGANG DAI AND YINZHI WANG*

ABSTRACT. In the realm of communication interference recognition, non-
incremental approaches dominate the field. Aiming at incremental recognition,
a double auxiliary learning (DAL) based interference incremental recognition al-
gorithm (named DAL-NME) is proposed. A feature extracting network(FENet)
based on DAL, which contains two feature extractors and four classifiers, is de-
signed to obtain the interference signal feature vector. The feature extractor
adopts the DenseNet structure to better extract signal features. The four clas-
sifiers are two main classifiers, two auxiliary classifiers for both new and old
samples, which are used to better train the network and balance the learning of
both new and old interference signals. The Nearest-Mean-of-Exemplars (NME)
criterion is used to construct a memory set and classify the communication in-
terference signals. Experimental results show that the DAL-NME method excels
in incremental recognition of communication interference signals, having a 5%
higher recognition accuracy compared to the commonly used WA algorithm at a
JNR of 2dB in both random incremental stages and various scenarios.

1. INTRODUCTION

As the application of wireless devices continues to expand rapidly, the electro-
magnetic environment becomes increasingly intricate, leading to a rise in the vari-
ety of interference signals. Accurately identifying interference signals has attracted
widespread attention of researchers to ensure the quality and reliability of com-
munications. Traditional methods for interference identification primarily involve
feature extraction and classifiers. However, feature extraction is heavily reliant on
human expertise and may not comprehensively capture the entirety of interference
signal features. Deep learning has powerful feature extraction capability. There-
fore, more and more deep learning-based interference identification algorithms have
been proposed [13,15,17], and their recognition performance is usually better than
traditional methods. However, the majority of current deep learning-based interfer-
ence signal recognition algorithms are non-incremental. Given that new interference
signals may persistently emerge in real-world scenarios, retraining the networks of
these non-incremental algorithms leads to repetitive and complex tasks. Incremental
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learning can identify newly emerging interference signals while retaining the recog-
nition capability of old interference signals. Therefore, incremental recognition of
interference signals holds significant practical value.

To address the issue of catastrophic forgetting of old knowledge in incremental
learning, scholars in the field of image processing have conducted an amount of
research from three aspects. The first aspect is the data, that data memory or data
generation is used to alleviate the problem of forgetting old knowledge. Rebuffi et
al. [16] learned the stored representative old knowledge while learning new tasks.
Bang et al. [1] assessed the model’s uncertainty regarding the samples through data
augmentation. Utilizing this insight, they selectively sampled old samples that sig-
nificantly influenced model training and leveraged them as memory sets to enhance
overall model performance. Iscen et al. [9] directly stored the sample feature repre-
sentation extracted by the model, reducing storage load. Zhu et al. [22] employed a
generative model to dynamically generate old class data, but the generative model
itself will deteriorate performance as the number of tasks increases, so it is unsuitable
for long-term learning. The second aspect is the parameter, where regularization
methods are commonly employed to mitigate the issue of forgetting old knowledge.
Kirkpatrick et al. [11] proposed the method of elastic weight consolidation (EWC),
which introduced a new quadratic penalty term in the loss function to diminish the
impact of new knowledge on important weight parameters in old class knowledge.
Zenke et al. [20] proposed synaptic intelligence (SI), which assessed the importance
of network parameters by using their contribution to the reduction of model loss.
Chaudhry et al. [2] combined SI and EWC to estimate the importance of network
parameters. The third aspect is the model, in which different methods are used to
alleviate the problem of forgetting old knowledge. Li et al. [12] proposed a learning
without forgetting (LwF') algorithm, which used knowledge distillation [6] to modify
the cross entropy loss, by which a new network is trained, thereby retaining some of
the knowledge of the old network. Hussain et al. [8] cloned and shared the fully con-
nected layer of the network to retain the knowledge of the old class. Zhao et al. [21]
used weight align (WA) to alleviate the imbalance problem between new and old
samples. Douillard et al. [4] used an efficient spatial-based distillation-loss applied
throughout the model, yielding favorable outcomes in small task increments. Kang
et al. [10] used a knowledge distillation method of adaptive feature consolidation to
adjust the weight of each feature map to minimize the upper bound of loss increases.

Among the studies on one-dimensional signal recognition, researchers have ex-
plored incremental learning methods focusing on signal quantity [5, 18] and signal
class [3,14,23]. Guo et al. [5] proposed the Incremental Small Ball Large Margin
(IncSSLM) algorithm, which can learn the compact boundary between its own com-
munication signal and known interference. It can update the classifier model in real
time, eliminating the need for extensive memory storage of interference signal sam-
ples, saving a lot of training time, and realizing incremental learning on the signal
quantity. Yang et al. [18] proposed a deep integrated siamese network of performing
incremental learning which is based on signal quantity. However, [5,18] cannot solve
the class-incremental learning of a large number of classes,which contain new class
labels. There are a few algorithms for class-incremental learning of signals. Most
methods rely on fine-tuning the model for incremental learning, but this approach
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often leads to significant catastrophic forgetting issues, making it unsuitable for
long-term incremental recognition. Montes et al. [14] evaluated the performance
of non-incremental method, knowledge distillation method , and bias correction
method which is based on the same network in incremental learning of modulated
signals. Experimental results show that knowledge distillation and bias correction
methods exhibit similar performance in the incremental learning of modulated sig-
nals and outperform non-incremental learning methods. Zhao et al. [23] proposed
an incremental learning algorithm for modulated signals based on sample playback,
but each incremental stage requires the generation of old samples, and the algorithm
complexity is high. Chen et al. [3] proposed an open set incremental recognition
method based on prototype learning. This method achieves open set recognition of
signals while performing incremental recognition. Nonetheless, its performance in
incremental recognition falls short. The performance of the identification of inter-
ference types will affect the anti-jamming effect of the communication [19]. Hence,
we propose a double auxiliary learning based interference signal incremental recog-
nition algorithm from the aspect of the balance between the consolidation of old
knowledge and the learning of new knowledge. Two auxiliary learning networks
are used to strengthen the extracting and learning capability of both new and old
knowledge of interference signals, thereby improving the classification performance
of the model. Additionally, we utilize the Nearest-Mean-of-Exemplars (NME) crite-
rion to enhance interference classification accuracy. The contributions of this paper
are mainly as follows:

eThe new feature extraction network (FENet) is designed by using DenseNet
module and four classifiers which include two main classifiers and auxiliary classifiers
for both new and old samples.

eThe Nearest-Mean-of-Exemplars (NME) criterion is used to construct a memory
set and classify the communication interference signals.

eWe conduct comprehensive experiments by using the real communication inter-
ference signals. The experimental results of 30 signal types show that the proposed
method has a better recognition accuracy than other methods in the incremental
learning.

2. ALGORITHM DESIGN

The purpose of incremental recognition of communication interference signals
is to continuously identify new classes appearing in the electromagnetic environ-
ment while retaining the ability to recognize old class samples. Assume that T =

{T1,T5,...} is the training task sequence. Among them, the training of i-th class
t

set of the t-th subtask 7} is Dt = {(acll’t,yi’t), (:L‘;’t,yé’t), cel, (x%f,yibt)}, ng is the
Z7
J .
nication interference signal, which is the IQ dual-channel sampling signal, and y;-’t
is the label of the j-th sampling sequence of the i-th communication interference
signal. There is no intersection between the sample categories of different subtasks.
To keep the model’s memory for old samples, a memory set G¢~! is usually con-
structed and saved from some old samples of the former t-1 subtasks, and used to

train the model for the t-th subtask together with the new samples. We regard the

number of samples, 2" is the j-th sampling sequence of the i-th class of commu-
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first subtask as the pre-training stage of the model, and the remaining subtasks as
the incremental stage of the model.

The framework of the proposed DAL-NME algorithm is shown in Figure 1. It
consists of three parts: a feature extracting network based on double auxiliary
learning, a distance classifier, and a memory set. The cross entropy loss and distil-
lation loss are used to train the feature extractor in the FENet based on DAL. The
Nearest-Mean-of-Exemplars (NME) criterion is used to perform incremental phase
recognition and construct the memory samples for subsequent incremental learning.

FENet based on DAL

old class
training samples

new class H ' ' "
training samples : —_ ynew_>Lnew_’
1

=|| uo1PNIISUO) 39S AloWa |

Lj—>

Distance |
H calculation Classifier based |

on NME criteria

FicUure 1. DAL-NME Algorithm Framework

2.1. FENet based on Double Learning. The DAL-based FENet consists of two
feature extractors, two auxiliary classifiers, and two main classifiers. The network
input is the IQ signal sample of the new class in the incremental stage t and the 1Q
signal sample of the old class from the memory set constructed in stage t-1. The
feature vector of the communication interference signal is extracted by the feature
extractor, followed by a network loss calculation to update the parameters of the
FENet. DenseNet has fewer parameters and computational complexity, and its per-
formance is better than ResNet which solves the gradient vanishing and network
degradation problems in CNN, thus the feature extractor adopts the DenseNet ar-
chitecture. The basic structure of the DenseNet network is shown in Figure 2. The
number of channels is increased by gr when the input features pass through this
structure. The feature extractor is shown in Figure 3. It consists of a convolutional
layer, a max pooling layer, 15 DenseBlocks, 3 Transition Layers, and a global av-
erage pooling layer. DenseBlock consists of two convolutional layers and a channel
attention mechanism SENet [7]; Transition Layer consists of a convolutional layer
and an average pooling layer, which is used to reduce the dimension of the extracted
features. gr is the growth rate of the DenseBlock structure, cr is the compression
rate of the Transition Layer, which are set to gr=32 and cr=0.5, respectively. ‘in’ is
the number of channels in the previous module. All one-dimensional convolutional
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layers have a batch normalization (BN) layer and a Rectified Linear Unit (ReLu)
layer. {7Conv1d,64,/2} indicates a one-dimensional convolution with a kernel size
of 7, an output channel number of 64, and a stride of 2. {1dMaxPool,3,/2} indicates
a one-dimensional max pooling layer with a pooling window size of 3 and a stride
of 2. { X 4} represents the module with four duplicate pieces. The structure of two
feature extractors is the same. The main classifier is directly composed of a fully
connected layer and a softmax layer. The structure of the two main classifiers is
the same. The auxiliary classifier is composed of two fully connected layers and a
softmax layer. In the pre-training stage, only the main classifier A is used, while in
the incremental stage, two main classifier, a new sample auxiliary classifier and an
old sample auxiliary classifier are used. In the new incremental stage, the parame-
ters of the feature extractor B and the main classifier B are copied from the feature
extractor A and the main classifier A in the previous incremental stage, respectively,
and they will remain unchanged and not participate in the gradient update of the
network. The specific settings of hyperparameters are shown in Table 1.

1Convld,gr*4,/1

3Convld,gr,/1

F1GURE 2. The Basic Structure of the DenseNet Network
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F1GURE 3. Feature Extractor

2.2. Design of loss function. Assume that the number of old class samples in the
incremental stage is denoted as OS, the number of new class samples as NS, and
the total number of classifications as M, then M=0OS+NS. For the main classifier,
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TABLE 1. Parameters of Different Communication Interference Signals

The name of the structure Network parameters

7Convld, 64/2 Size:7, channels:64, stride:2

1Convld, gr*4,/1 Size:1, channels:gr*4, stride:1
3Convld, gr,/1 Size:3, channels:gr, stride:1

Maxpoolld, 3, /2 Size:3, stride:2

Avgpoolld, 2, /2 Size:2, stride:2
Growth rate(gr) 32

1Convld, in*cr,/1 Size:1, channels:in*cr, stride:1

Compression rate(cr) 0.5

the number of classifications is set to M, that is, all samples are classified. For the
old sample auxiliary classifier, the number of classifications is set to OS+1, the old
class samples are classified normally, and all new class samples are classified into
one category. For the new sample auxiliary classifier, the number of classifications
is set to NS+1, the new class samples are classified normally, and all old class
samples are classified into one category. y;, Y.q and y,., are the classification
labels corresponding to the main classifier A, the old sample auxiliary classifier,
and the new sample auxiliary classifier, respectively, ¥4, Vg and ¥,.., are the
outputs of each classifier. And their cross entropy classification losses are recorded
as Lg, Log and Ly, respectively, as shown below:

(2.1) Lg=y4log(¥q),

(2.2) Loid = Yo14l09(Yota),

(2.3) Lpew = Ynewlog(ynew)7
0S

(2.4) Lia =Y _ 94log (i)
=1

In order to enhance the memory of old samples, we use the distillation loss [6],
denoted as Ljq

Among them, g);f represents the predicted probability of the 7 — th class obtained
by using the feature extractor B and main classifier B while in represents the
predicted probability of the i —th class obtained by using the feature extractor A and
main classifier A. In order to keep the balance between the network’s consolidation
of old knowledge and the absorption of new knowledge, the regularization coefficient
Aold = % is set. It can be seen that as the incremental stage progresses, the
proportion of the old class samples gradually increases, and A,q also gradually
increases, so that the network can better retain the knowledge of the old samples.
Therefore, the total loss function L of the incremental stage is:

(2.5) L = Xotd(Lota + Lia) + (1 — Aota) (Lnew + La)-

2.3. Nearest-Mean-of-Exemplars (NME) Classification Criterion. The ul-
timate goal of the auxiliary classifiers and the main classifiers is to optimize the
feature extractor within the network and facilitate accurate classification of both
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new and old samples. Therefore, the algorithm in this paper adopts the Nearest-
Mean-of-Exemplars (NME) classification criterion to classify both new and old sam-
ples. In the ¢ — th incremental stage, the feature vector extracted by FENet based
on DAL for the sample (:Ezt,y;’t) is zzt, 1 is the category label of the sample, k is
the sequence label of the sample, I is the number of old sample categories in this
incremental stage, and J is the number of samples in the [ — th class. The distance
between the extracted feature vector z;’c’t and the mean of the feature vector of the

[ — th class is denoted as d;’t(l), and it is calculated as:

. , 1
(2.6) dmo:zg—jz)y i=1,2,...,1.
j=1
lin = argmindi’t(l ) is the predicted category, and when i = Iy, it is the correct

l
classification.

2.4. Construction of Memory Set. To prevent the escalation of network com-
plexity caused by the continual accumulation of memory samples throughout the
incremental learning process, the number of samples of the memory set is fixed,
which is set K, and the selection process follows the following rules. From formula
(2.6), we can get that the distance d;’t between the feature vector zzt of the sample

and the mean of the feature vector of the ¢ — th class sample (x;’t, y;t) is:

J
. . 1 .
(2.7) W@:%thﬁ i=1,2,...,1
j=1
. . it
The samples corresponding to the smallest front & values in ) (k=1,2,...,J)

are selected as samples of the memory set G* of the i—th communication interference
signal in the increment stage t + 1, and &' is the number of saved samples of each
category after the increment stage t.

3. ALGORITHM SIMULATION

All methods use momentum SGD with momentum of 0.9 and learning rate of
0.01. The weight decay coefficient for all optimizers is set to le-4, and the fixed
step decay learning rate method is used, with 100 iterations, a step size of 30, and a
learning rate decay coefficient of 0.1. The average of the recognition accuracy of the
algorithm under each jamming noise ratio (JNR) in different incremental stages is
denoted as the task-avg-accuracy, and the average of the recognition accuracy in dif-
ferent incremental stages under each JNR is denoted as the JNR-avg-accuracy. The
recognition accuracy, task-avg-accuracy and JNR-avg-accuracy are used to evaluate
the algorithm performance. The pseudocode of the algorithm is given in Algorithm
1. And the specific settings of the training parameters are shown in Table 2.

To test the performance of the proposed DAL-NME algorithm for the interfer-
ence signal incremental recognition, a wireless signal transceiver system is built. It
consists of a signal generator, a signal receiver, a transceiver antenna and a laptop,
as shown in Figure 4. The signal generator uses SMBV100A from R&S to generate
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Algorithm 1 The training of DAL-NME Algorithm.

Require: Input :r:}C are the k-th training interference signals of i-th class.
Ensure: The losses of FENet and the mean of the feature vector m;
of the i-th class.
fori=12,....Ido
for k =1,2,... K do

zi = Feature Extractor A(z?)

Voia = old class fication(zt)

Vnew = new class fication(z})

¥q = main class fication(z})

Lg, Lotg, Lnew, and Ly is according to Eq.2.1, Eq.2.2, Eq.2.3 and Eq.2.4

end for
end for
fori=12,...,Ido

The mean of the feature vector of the i-th class is: m; = H% Zle z )
end for

The testing of DAL-NME Algorithm
Require: For each class i, input x}C are the k-th testing interference signals
of i-th class.
Ensure: The result of classification.
fori=12,....Ido
for k=1,2,... K do
zi = Feature Extractor B(x%)
) = 12— m],

Lmin = arg;m'n d;, (1) is the predicted category

end for
end for
TABLE 2. Training Parameters
Parameters Value
Momentum 0.9
Initial learning rate 0.01
Decay learning rate le-4
Tterations 100
Learning rate decline cycle 30
Learning rate decay coefficient 0.1
Optimizer Momentum SGD

the communication interference signal required for incremental identification; the
transceiver antenna can transmit and receive the signal frequency range between
30-500MHz; TuWR-G69DDCe receiver is used to receive the communication inter-
ference signal transmitted wirelessly; the WiNRADiO G69DDC software developed
by Radixon is installed on the laptop to collect the communication interference sig-
nal data required for the experiments. The collected communication interference
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signals include 7 interference signals and 23 modulation signals. The interference
signals are single-tone interference (ST), multi-tone interference (MT), linear fre-
quency sweep interference (LFS), secondary frequency sweep interference (SFS),
noise FM modulation interference (NFM), frequency hopping interference (FH) and
periodic Gaussian pulse interference (PGP), and the modulation signals are BPSK,
QPSK, 8PSK, OQPSK, 16PSK, 32PSK, 2FSK, 4FSK, SFSK, 16QAM, 32QAM,
64QAM, 128QAM, 256QAM, 16APSK, 32APSK, 64APSK, 128APSK, 256APSK,
4PAM, 8PAM, 16PAM and MSK. Orthogonal sampling is used to obtain the in-
phase (I) component samples and the quadrature (Q) component samples. The

number of sampling points is 1024, and the specific parameters are shown in Table
3.

FIGURE 4. Wireless Signal Transceiver System

TABLE 3. Parameters of Different Communication Interference Signals

Interference Type Interference signal Modulation Signal
MT: 2~10 audio numbers. Information sequence: 01
NF: The frequency bit sequence.
modulation factor is Shaping filter: root raised
Special Parameters 0.125~0.933. FH: The cosine filter with a roll-off
frequency hopping times are factor of 0.2 to 0.7.
20. PGP: The pulse period is Normalized frequency
16 to 64 sampling points. offset: -0.2 to 0.2.

Phase offset: 0 ~ 7. Interference-to-noise ratio:
-10~20dB, training set interval 2dB, test set interval
Unified parameters 6dB. 8 times oversampling. The number of training
samples for each category and each interference-to-noise

ratio is 100, and the number of test samples is 500.

In order to analyze the performance of the proposed DAL-NME algorithm, two
sets of incremental sequences are set, as shown in Table 4. Each incremental se-
quence carries on two incremental processes.
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TABLE 4. Parameters of Different Communication Interference Signals

ST, LFM, PGP, FH, QPSK, BPSK, NFM, SFS,
8PSK, OQPSK, MT, 256QAM, 16PSK, 32PSK,
Incremental sequence 1 2FSK, 16APSK, 128APSK, 8PAM, 4FSK, 8FSK,
16QAM, 32APSK, 256 APSK, 16PAM, 32QAM,
64QAM, 128QAM, 64APSK, 4PAM, MSK
32QAM, 64QAM, 128QAM, 64APSK, 4PAM,
MSK, 4FSK, 8FSK, 16QAM, 32APSK, 256 APSK,
Incremental sequence 2 16PAM, NFM, SFS, 8PSK, OQPSK, MT,
256QAM, ST, LFM, PGP, FH, QPSK, BPSK,
16PSK, 32PSK, 2FSK, 16APSK, 128APSK, 8PAM
Incremental sequence 1, 6 interference signals are
added in each increment stage
Incremental sequence 1, 3 interference signals are
added in each increment stage
Incremental sequence 2, 6 interference signals are
added in each increment stage
Incremental sequence 2, 3 interference signals are
added in each increment stage

Incremental scene 1

Incremental scene 2

Incremental scene 3

Incremental scene 4

60 g —&—K=500

50 —e—K=4000

-10 5 0 10 15 20 -10 5 0 10 15 20

5 5
JNR/dB JNR/dB
(a) Incremental scene 1 (b) Incremental scene 2

F1GURE 5. JNR-avg-accuracy of Incremental Recognition of DAL-
NME Algorithm under Different Memory Sets

3.1. Impact of Memory Set Size on DAL-NME Algorithm. The size of the
memory set will directly affect the performance of incremental learning. In order to
investigate the impact of the memory set size on the performance of the DAL-NME
algorithm, the fixed memory set size K is set to 500, 1000, 2000 and 4000. The
DAL-NME algorithm performs incremental recognition in incremental scenes 1 and
3. The JNR-avg-accuracy of the DAL-NME algorithm is shown in Figure 5.

As can be seen from Figure 5, in the two incremental scenes, as the size of the
memory set increases, the JNR-avg-accuracy under each JNR is improved. When
the size of the memory set increases from 500 to 1000 and from 1000 to 2000, the
JNR-avg-accuracy is greatly improved; when the memory set size increases from
2000 to 4000, the JNR-avg-accuracy under low JNR ratio increases greatly, while
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under high JNR it increases less. Since a large memory set will increase compu-
tational complexity and storage complexity, the fixed memory set size K=2000 is
chosen to compromise between algorithm performance and complexity.

3.2. Incremental Learning Performance Analysis. The DAL-NME algorithm
without the double auxiliary classifier is denoted as NAL-NME. The LwF [12],
WA [13], joint, TOCIL [21], NAL-NME and DAL-NME algorithms are used to in-
crementally identify communication interference signals. Additionally, joint means
that all old samples are retained for joint training during the incremental process.
All algorithms use the same feature extractor. Except for the DAL-NME algorithm,
all other algorithms only have the main classifier. The LwF algorithm does not use
the memory set, and the other algorithms all use the memory set. In the four incre-
mental scenes, the task-avg-accuracy and JNR-avg-accuracy of the six algorithms
for incremental recognition are shown in Figure 6.

As can be seen from Figure 6: (1) As JNR rises, the JNR-avg-accuracy of all algo-
rithms in each incremental scene exhibits a gradual increase, eventually stabilizing
after JNR reaches 8dB. As the incremental stage increases, the task-avg-accuracy
reduces and fluctuates. This is because that the increase of the number of cat-
egories results in higher degree of difficulty of the classification. The occasional
upward trend is because the recognition of some interference signals is relatively
easy. As can be seen from Figure 6(b), in the incremental stage 3 {NFM, SFS,
8PSK} combination recognition is more difficult, while in the incremental stage 4
{OQPSK, MT, 256QAM} combination is relatively easy to recognize, so the recog-
nition accuracy rate increases instead of decreasing. (2) The joint algorithm con-
sistently achieves the highest task-avg-accuracy and JNR-avg-accuracy across each
incremental scene. This is because the joint algorithm uses all samples to train
the network. The joint algorithm is generally considered to be the upper limit of
the performance of incremental learning. (3) Incorporating memory sets can sig-
nificantly enhance the recognition accuracy of communication interference signals
during the incremental process. The utilization of memory sets in conjunction with
the joint, WA, TOCIL, NAL-NME, and DAL-NME algorithms has demonstrated
superior performance compared to the LwF algorithm without memory sets. There-
fore, it is necessary to add some memory sets in the incremental recognition process
of communication interference signals. (4) In each incremental scene, the recogni-
tion performance of the proposed DAL-NME algorithm outshines that of the WA,
TOCIL and LwF algorithms. The TOCIL algorithm greatly reduces the closed-set
recognition ability while ensuring the open-set recognition performance. (5) The
recognition accuracy of the DAL-NME algorithm surpasses that of the NAL-NME
algorithm, highlighting the efficacy of the dual auxiliary classifier.

3.3. Recognition Performance in the Incremental Stage. In order to eval-
uate the performance of various algorithms in the incremental process, the third
incremental stage of scene 1, the fifth incremental stage of scene 2, the fourth incre-
mental stage of scene 3, and the sixth incremental stage of scene 4 were randomly
selected. Figure 7 shows the relationship curves between the recognition accuracy
and JNR of the six algorithms in the four scenes.
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FIGURE 7. Recognition Accuracy of the Algorithm in the Incremen-
tal Stage

As can be seen from Figure 7: (1) In the random incremental stage of each
scene, the joint algorithm has the best recognition performance, and the recognition
accuracy of the six algorithm increases with the increase of JNR, and tends to be
stable after JNR exceeds 8dB. (2) Except for the recognition performance of the
DAL-NME algorithm in the incremental stage 6 of scene 4 at JNR of -10dB, which
is slightly lower than that of the WA algorithm, the recognition accuracy of the
DAL-NME algorithm in the random incremental stage of other scenes is higher
than that of the WA, TOCIL, LwF and NAL-NME algorithms. In the random
incremental stage of each scene, when JNR is 2dB, the accuracy of DAL-NME
algorithm is 5% and 25% higher than that of WA and TOCIL, respectively. (3)
The LwF algorithm, lacking a memory set, almost loses its ability to recognize old
samples as the incremental stage increases. This indicates that the use of a memory
set can alleviate catastrophic forgetting.

4. CONCLUSION

An incremental learning algorithm DAL-NME suitable for communication in-
terference signals has been proposed. The designed feature extracting network is
composed of two feature extractors, two main classifiers, and two auxiliary classi-
fiers. The designed distance-based classifier uses the feature extractor and the NME
criterion to test communication interference signals. Samples with more obvious fea-
tures are selected as memory sets by using the NME criterion. The WA, TOCIL,
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joint, LwF, NAL-NME and DAL-NME algorithms are simulated on 30 actual sam-
pled communication interference signals. The experimental results show that the
DAL-NME algorithm has a high recognition effect under various JNR, and it can
better keep the balance between the retention of old knowledge and the learning
of new knowledge in the incremental process. This algorithm can better identify
newly emerging interference signals with labels while maintaining superior recogni-
tion capabilities for existing interference signals. However, new class of interference
signals in reality may be unlabeled in some cases, so the problem of unlabeled new
class signals in incremental learning should be considered in the future.
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