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1 |  INTRODUCTION

In modern warfare, emitter recognition is one of the primary 
functions of electronic intelligence (ELINT) and ESM sys-
tems. It can provide timely information on emitters and aid 
decision making. In hostile situations, the category, usage, 
and state information of intercepted signals from radars are 
comprehensively analyzed. Then, the results are reported to 
operational personnel [1]. The deinterleaving process gener-
ally exploits the pulse descriptor word (PWD), and precise 
measurements are used for the subsequent classification. 
However, with the increasing complexity and density of elec-
tromagnetic signals, conventional recognition techniques no 
longer meet practical demands. Moreover, although the ex-
isting approaches (eg, template matching) have been progres-
sively improved, the imprecise measurements, development 
of new system radars, and low signal‐to‐noise ratios (SNRs) 

still affect the recognition performance. Meanwhile, a single 
surveillance platform or system typically suffers from infor-
mation deficiency and false alarms, which definitely affects 
combat capabilities. Therefore, it is challenging to extract ef-
fective features in order to achieve high accuracy, especially 
with low SNRs and in a complex environment.

Presently, feature‐based (FB) algorithms prevail in 
the field of emitter recognition. For the feature extraction 
stage, various features were proposed to achieve high ac-
curacies. Guo et al [2] proposed the extraction of ambigu-
ity function main ridge slice features and denoising with 
singular value decomposition(SVD), which was prefer-
able for low SNRs. Zeng et al [3] applied ZAM‐GTFR 
to form generalized time‐frequency representations and 
achieved more than 90% accuracy when the SNR was 
lower than –2  dB. Ma et al [4] used random projection 
to compress signals and obtained good robustness for low 
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SNRs. However, it cannot be denied that although the ex-
tracted features could identify certain types of emitters, 
its applicability to other types and the efficiency of ex-
perience‐based methods remain to be studied. In addi-
tion, it is difficult to compare features, and the design 
process is time‐consuming. However, only improving the 
performance of a single system is far from practical re-
quirements once it severely degrades. Multi‐sensor fusion 
[5] of emitter signals can be implemented by combining 
supplementary and contradictory information from mul-
tiple systems. Multi‐collaborative representations [6] and 
Dezert‐Smarandache theory [7] were proposed to address 
the problem of fusion recognition.

In recent years, deep learning (DL) has been widely ap-
plied in several fields owing to its ability to generate inter-
mediate representations in a hierarchical manner. Compared 
with existing shallow methods, DL extracts high‐level, 
abstract, and inherent features to describe an original data 
distribution [8]. Typical DL models include stacked auto‐
encoders (SAEs), deep Boltzmann machines (DBMs), and 
CNNs [9]. To the best of our knowledge, DL has been stud-
ied for in emitter waveform recognition a little, and its appli-
cation is simple. References [10‒12] directly adopted a CNN 
as the feature extractor to achieve recognition. However, the 
CNN was not fully exploited and the scenario of multiple 
emitters was not considered. For multi‐platform fusion, en-
semble learning [13] offers reduced error rates and a fine 
generalization property. The assumption of ensemble learn-
ing is that each classifier is conditionally independent, which 
is common for a multi‐sensor system, especially for hetero-
geneous sensors. Inspired by the aforementioned studies, we 
construct a DL‐based architecture. The architecture uses a 
2D‐oriented CNN to extract deep features and produce fu-
sion inference. Ensemble methods, namely boosting and 
bagging [14], are introduced to prompt fusion recognition; 
they are denoted as CNNBoosting and CNNBagging, respec-
tively. Our main contributions are as follows:

• We propose to exploit deep features of radar emitters au-
tomatically rather than empirical features. As CNNs are 
suitable for 2D entries, the time‐frequency distribution of 
radar emitters provides an alternative.

• We integrate CNNs into an ensemble learning framework 
to construct a multi‐platform fusion architecture. The en-
semble CNNs utilize the decision‐level fusion via the 
trained weights.

The remainder of the paper is organized as follows. Section 
2 introduces the fundamentals of emitter time‐frequency 
representations. Sections 3 and 4 detail the multi‐platform 
fusion recognition algorithms. Simulation experiments and 
analyses are given in Section 5, and Section 6 provides the 
conclusions.

2 | MODEL AND REPRESENTATION 
OF EMITTER SIGNALS

The mathematical model of intercepted emitter signals in the 
time domain can be described as follows,

where f0 denotes the carrier frequency, and A(t) and c(t) are 
the amplitude and phase function, respectively. A(t) is sim-
plified as a constant for slow hopping compared with f0 and 
n(t). Because the time‐frequency representation for each in-
tentional modulation is unique, and because the emitter in the 
time‐frequency domain provides more feature information, 
signals are processed in the time‐frequency domain. Hence, 
the definition of the transformed signal is given with a short‐
time Fourier transformation (STFT),

where g(m) is a predefined window function, and s(m) is the dis-
crete‐time signal. Then, equal frequency interval sampling is im-
plemented for (2), ωr = 2πr/N (r = 0, 1, …, N – 1), which yields,

Substituting (l + n) for m, which produces,

From (4), it is clear that STFTs(n, r) fundamentally de-
pends on c(m) for a given g(m), which implies that time‐fre-
quency distributions of different modulations are determined 
by c(t). Thayaparan et al [15] pointed out that the time‐fre-
quency imaging of radar signals provides a solution to unique 
classification. Therefore, we adopt 2D time‐frequency imag-
ing representations for the subsequent processing.

3 |  ENSEMBLE CONVOLUTIONAL 
NEURAL NETWORKS FOR EMITTER 
RECOGNITION

Most state‐of‐the‐art methods for emitter recognition focus 
on the artificial extraction of intra‐pulse features or mono‐
platform recognition. Instead, this section emphasizes deep 
features and decision‐level fusion recognition. For each 
independent platform, the corresponding CNN module is 
pre‐trained and fine‐tuned with training samples to learn net-
work parameters. The ensemble weights are determined by 
multiple CNNs having different properties, which are used to 
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collaboratively infer the labels of testing signals in the fusion 
layer.

3.1 | Algorithm architecture
As illustrated in Figure 1, the proposed architecture comprises 
three parts, namely signal pre‐processing, multi‐branch CNN 
modules, and decision‐level fusion recognition. To describe the 
pre‐processing stage briefly, T original signals that belong to an 
identical type but different sequence pulses are randomly input 
into independent branches. Then, T-branch signals are further 
processed in the time‐frequency domain, denoted as P1, …, PT.

To strengthen the correlations and avoid high‐dimensional 
computations, the 2D time‐frequency images {S

(t) ∈ℝ
N1×N2 , 

t = 1, 2, …, T} are segmented into small 2D patches in the same 
manner, where S(t) denotes the time‐frequency representation. 
The contrast normalization is followed by mapping the input 
patches into a canonical form, which reduces data redundancy 
and accelerates the convergence speed of the single CNN,

where � (⋅) and � (⋅) denote the mean and variance operations, 
respectively. Because conventional algorithms train on non‐
whitened data, and because the whitening processing is ben-
eficial for learning discriminative representations, we adopt 
ZCA whitening [16] to process the normalized data. It yields

where W is the whitening matrix. Normally, W = UV–1/2UT, U 
and V denote eigenvectors and eigenvalues of the covariance of 
S(t), respectively. All the processed samples are stacked into a 3D 
training set A∈ℝ

N1×N2×Q, where Q is the sample number. The 
preprocessed 3D data are fed into each CNN to train the hierar-
chical structure in an unsupervised manner. Then, weights are 
generated according to the properties of the CNNs with ensemble 
methods. For the proposed ensemble CNNs, they are operated in 
a supervised manner as the training labels are indispensable.

As shown in Figure 1, T CNNs are of the same struc-
ture, but with different network parameters. Generally, a 

CNN comprises a convolutional layer, an activation func-
tion, a pooling layer, and a fully‐connected layer. To elab-
orate, the preprocessed input (S(t)

W
∈ℝ

64×64) is convoluted 
with randomly initialized kernels F∈ℝ

5×5, and a bias term 
b is added to the resultant feature maps. Instead of a sig-
moid function in general, the ReLU activation function 
g(x) = max(0, x) is a more advisable alternative to boost the 
nonlinear pointwise network. It has been proven to speed up 
the convergence significantly and increase the descriptive 
ability of the network [17]. Finally, the max‐pooling layer 
is utilized to reduce the sensitivity to small input shifts.

Then, given T CNNs, the kth layer output state of the tth 
branch can be formulated as follows:

where ⊗ is the 2D convolutional operation, and pool (⋅) de-
notes the pooling operation. The network parameters, that is, 
θ=

{
F

t

k
, b

t

k
, t = 1, … , T , k = 1, … , K

}
 are iteratively opti-

mized by minimizing the classification error over the training 
set. Commonly, the stochastic gradient descent (SGD) algo-
rithm is adopted to achieve this. In SGD, the network param-
eters are learned by the derivatives of F and b. The learning 
performance is related to the slight learning rate ω during op-
timization. Once the single CNN parameters are well trained 
and the multiple CNNs are weighted with ensemble meth-
ods, the decision‐level fusion recognition can be executed for 
given multiple input vectors {xt, t = 1, …, T}, which yields,

where {βt} are produced via ensemble methods, θt = {Wt, 
bt, t = 1, …, T} is the network parameter set of the decision‐
making logistic regression layer, Wt and bt are the weights 
and biases, and C is the total number. The label information 
can be therefore deduced by the weighted probability of each 
class. In this study, we propose two algorithms aiming to 
achieve multi‐platform fusion recognition of radar emitters.
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F I G U R E  1  Architecture of ensemble 
CNNs for emitter recognition
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3.2 | Boosting‐based CNNs (CNNBoosting)
The processing branches are composed of T CNNs, but the 
intercepted signals and CNNs structures are not identical. 
The difference between them is measured by weights with 
boosting in this subsection. Unlike conventional boosting al-
gorithms, such as AdaBoost, which aim to control the selec-
tion of multiple weak classifiers to form a strong one [18], we 
expect to fuse multiple signals to produce a more convincing 
recognition. As the resource data are obtained from identi-
cal types of signals, boosting is performed to train multiple 
CNNs and assign weights in the reference stage. However, 
the key to the algorithm scheme is to minimize the training 
error with a pre‐assigned number of iterations. Similar to 
AdaBoost.M2, which is a variant of AdaBoost, we propose 
a multi‐class fusion recognition algorithm, CNNBoosting. In 
the training stage, multiple CNNs are trained as weak learners 
and fine‐tuned to minimize the weighted error. Meanwhile, 
optimum weights are selected. Subsequently, we combine the 

predictions of multiple CNNs to achieve a boosting‐based 
prediction in the reference stage. The proposed CNNBoosting 
is described in detail in Algorithm 1. Notably, the final pre-
dictive inference is determined via a majority voting strategy.

3.3 | Bagging‐based CNNs (CNNBagging)
Similar to CNNBoosting, an analogous algorithm called 
CNNBagging is proposed, which differs in terms of training 
strategy. The core of bagging lies in the bootstrap replications 
of the training set in a pseudo manner. It produces multiple base 
classifiers with diversity [19]. However, the final decision de-
pends on the preset bootstrap samples. Although the bagging 
strategy seems somewhat simplistic, its property of reducing the 
entire estimate variance is suitable for recognition in this work. 
Furthermore, it is a suitable choice to combine multiple CNNs 
that are complex and unstable in a bagging‐based manner com-
pared with other weak learners. During the training process, 
CNNs are trained by randomly generating indices to cross‐vali-
date the training set. Simultaneously, the weights of multiple 
platforms are computed according to the classification error. 
Consequently, the decision‐level prediction is inferred via major-
ity voting, as described in Algorithm 2. It is evident that both the 
proposed algorithms are of the same structure, in which training 
and weights selection are offline while inference is on‐line.

tr
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pre pre
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3.4 | Discussions
In this subsection, we investigate the proposed algorithms by 
analyzing the classification error on the training set. As the 
weight‐updating mechanism is the kernel of both algorithms, 
we can expand the description of the training process. To clearly 
elaborate on the performance, the two algorithms are discussed 
separately. To gauge the learning performance of CNNBoosting, 
we first compute the probability of error classification

For any m and n, the inequality 
∑

(m−n)≤ exp
∑

(m−n) 
holds. Then, a similar invariant is consequently obtained for 
(11). According to Step 5 in Algorithm 1, we unwrap the dis-
tribution DT as

Then, substituting D1 = 1/Q and (12) into (11), it yields,

Then, (13) implies that we can design a reasonable ap-
proach to greedily approximate the bound by minimizing Zt. 
In each round of CNNBoosting, βt and weak learners are de-
liberately learned and updated. The mathematic upper bound 
of PrD[H(Yfusion) ≠ c] serves as a reference to reach, and it is 
imprecise and difficult to design in practice. Then, although 
the product of normalization factors provides a theoretical 
value, the experimental results in Section 5 were satisfactory 
compared with those of other algorithms.

To investigate how CNNBagging works, we deduce 
a similar proof to Tao [20] as follows. Assume that each  
(Y, x) is the sample data from the learning set A, where Y 
denotes the numerical labels of x. Furthermore, samples 
are independently drawn from a probability distribution P. 
Suppose σ(x, A) is the predictor of each CNN branch; then 

the aggregated predictor can be given according to the aver-
age one over A,

As the average predictor error can be derived, 
eave = EAEY,x(Y – σ(x, A))2. Then, the aggregated predictor 
error is estimated by

Using the inequality 1
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unwrapping (15), we know

Hence, (16) shows that the mean‐square error eagg is 
smaller than the average eave. Notably, we hold the as-
sumption that the performance of each classifier σ(x, A) on 
training set replicas is similar to the one on the entire train-
ing set. Moreover, the more diverse the simple predictor 
σ(x, A) is, the more accurate the composite results that the 
aggregated predictor will produce. For the CNNBagging 
architecture, as each deep CNN can be seen as an unstable 
weak classifier, the bagging strategy can boost the perfor-
mance. However, the bootstrap ratio, or the drawn proba-
bility distribution P from A, is also crucial for improving 
the aggregation.

4 |  PERFORMANCE ANALYSIS
4.1 | Computational complexity
The computational complexities of the proposed algorithms 
are analyzed in this subsection. As described in subsections 
3.2 and 3.3, the training process is implemented offline, 
which greatly improves efficiency. Despite the feedfor-
ward to output and weighted fusion in the reference stage, 
the computation burden is mainly determined by iteration 
number T and the complexity of each CNN. Assume that 
the dimensionality and number of training samples are N1N2 
and L, respectively. For CNNBoosting, the computational 
complexity of feature extraction and logistic regression are 
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as the training number is reduced to �L. It is clear that the 
computational cost is enormously large when the available 
samples increase sharply. However, the deep convolutional 
architecture is beneficial for extracting abstract invariant fea-
tures. Moreover, ensemble methods help to collaboratively 
determine the final prediction in the fusion layer. As a result, 
these two techniques jointly improve their recognition per-
formances accurately and effectively.

4.2 | Ensemble methods extension
Ensemble learning prevails in classification by linearly com-
bining weak learners. Typical methods include boosting, 
bagging, random forest, and random subspace. To achieve 
the multi‐platform fusion recognition of radar emitters, we 
focus on the crucial problem of non‐negative weight assign-
ment to form a composite decision. The update rule during 
iteration depends on the classification error incurred by each 
CNN. Once the weight coefficients {β1, …, βT} are produced, 
the leveraging combined decision is consequently formed. 
Therefore, it is advantageous to combine ensemble learning 
and CNNs. The proposed scheme not only automatically ex-
tracts deep features but also boosts the decision‐level per-
formance. For practical emitter recognition, it is helpful to 
combine the information of multiple heterogeneous sensors. 
Hence, ensemble methods are suitable for decision‐making 
in our paper.

5 |  EXPERIMENTS

In this section, extensive experiments are conducted to pre-
sent the performance of the proposed algorithms. The experi-
ments are implemented on full‐pulse radar signals. Fusion 
recognition and results analyses are demonstrated.

5.1 | Simulation dataset and setup
To compare the performances, six types of radar signals are 
chosen as the training and testing samples, namely conven-
tional pulse (CP), linear frequency modulation (LFM), non-
linear cosine frequency modulation (NCFM), binary phase 
shift keying (BPSK), binary frequency shift keying (BFSK), 
and quadrature frequency shift keying (QFSK). The experi-
mental setup for the dataset is as follows. The sampling rate 
is 50 MSPS, and the carrier frequency is 5 MHz for all the 
above‐mentioned types of signals. For BPSK and BFSK, we 
take the Barker code, while for QFSK, we take the Frank 
code. Training signals are generated in an SNR range of 
20 dB to 30 dB. To evaluate the robustness to noise, testing 
samples with the same settings are generated with different 
SNRs. Every experiment is conducted for 1200 Monte Carlo 
simulations. The proposed ensemble CNNs are constructed 

as follows. Each CNN module is composed of 5 layers, the 
sizes of the convolutional and downsampling layers of which 
are 5 × 5 and 2 × 2, respectively. The number of CNNs T is 
selected accordingly.

To present the extracted features clearly, the deep features 
of emitter signals are visualized in Figure 2. Every 2 patches 
of Figure 2 in the column represent a certain type of feature. 
Each patch is produced by CNNs, and the size is 26 × 26. It 
reveals that different types of features show distinctive differ-
ences. Although the discriminations are not given in a mathe-
matical form, the visualization provides an alternative.

5.2 | Parameters tuning
To demonstrate the performance, the case of two surveillance 
platforms is first considered. Although CNNBoosting and 
CNNBagging seek for the optimum weights in the pre‐train-
ing stage with an ensemble strategy, the difference between 
training set A and the CNN model should be considered. The 
learning rates ω are randomly preset as {0.3, 1}, and the whit-
ened training set is A64×64×1200. Then, ensemble weights are 
produced after several iterations and normalization, at {0.565, 
0.435} and {0.309, 0.691}, respectively. The ensemble learn-
ing method updates the weights according to the properties of 
CNNs, rather than assigning the same weights for β.

To investigate the effect of ω, we change it in fixed steps 
of 0.1 in the range �∈ [0, 1]. The average recognition accu-
racy is used to measure the performance. The SNR of the 
testing sample is set to 4 dB. The experimental results are 
shown in Figure 3A and 3B. They demonstrate that a slightly 
moderate learning rate at approximately �∈ [0.4, 0.7] pro-
motes an optimal performance. Too small or too big a value 
of ω will lead to a sharp decrease in recognition probability. 
In comparison, CNNBoosting outperforms CNNBagging in 
the entire accuracy range, especially for �∈ [0.4, 0.7].

In practice, the case in which the number of surveillance 
platforms exceeds 2, that is, T ≥2, should be considered. To 

F I G U R E  2  visualization of deep features
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achieve an identical signal that is intercepted by multiple plat-
forms, we keep the parameters the same as aforementioned ex-
cept for T. To illustrate the importance of weight assignment, 
we take uniform weights for comparison when SNR = 0 dB. 
In particular, uniformity implies that the parameter settings of 
the CNNs and the weights are identical. The results are pre-
sented in Figures 4A and 4B, where Figures 4A and 4B show 
the relationship between T and accuracy and running time, 
respectively.

Figure 4A indicates that a higher number of platforms 
helps improve the recognition accuracies, which can be at-
tributed to the increased information and feature measure-
ments supplied by other platforms. With the increase in T, 
the accuracies of the proposed algorithms approach 100%. In 
comparison, the trained and selected weights in CNNBoosting 
and CNNBagging outperform the uniform one significantly. 
This may be because both the training process and ensemble 
learning help boost the fusion recognition.

However, although increasing the platform number 
helps improve accuracy, the computational complexity also 

increases. Figure 4B indicates the training and testing times. 
When T increases, the training time exhibits a nearly linear 
growth, and CNNBoosting consumes more time in compar-
ison. In addition, the testing time does not display an obvi-
ous increase. This is because, once the proposed structures 
are pre‐trained offline, the testing time mostly comprises 
the execution of forward‐propagation with the well‐trained 
models. Hence, the agility can be guaranteed in practice.

5.3 | Confusion matrix and robustness
To illustrate the effectiveness for the listed emitters, the con-
fusion matrix is given in Table 2. In the experiments, test-
ing signals are mixed with 0 dB of measured noise. As the 
confusion matrix shows, the diagonal elements are the right 
recognition accuracies, whereas the others are false. The 
bracketed elements are results of CNNBagging. The results 
in Table 1 show that the proposed algorithms are suitable 
for the recognition of emitter signals. For BPSK, BFSK, and 
QFSK, the right accuracies are not as high as those of the 
other types. This can be seen from the visualized features, 
where CP, LFM, and NCFM have distinguished features. 
However, all of them hold an accuracy of approximately 90% 
with an SNR = 0 dB. This indicates that the proposed algo-
rithms have the ability to learn good features and obtain high 
accuracy.

F I G U R E  3  Tuning of learning rates ω: (A) ω tuning of 
CNNBoosting; (B) ω tuning of CNNBagging
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F I G U R E  4  Tuning of platform number: (A) T tuning of 
CNNBoosting; (B) T tuning of CNNBagging
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5.4 | Comparisons
Because the proposed algorithms are aimed at extracting 
features automatically and performing decision‐level fusion, 
this subsection presents comparisons with state‐of‐the‐art al-
gorithms for feature extraction and fusion recognition.

5.4.1 | Feature extraction
This subsection mainly compares feature extraction be-
tween shallow and DL methods. Presently, shallow meth-
ods, such as feature‐based B‐MLP (Bayesian MLP) [21] 
and compression‐based RPSC [4], exhibit excellent per-
formance. Furthermore, TFI‐CNN [11] and LWRT [12] 
are taken as typical deep methods, as both adopt CNN 
as the feature extractor. For a fair comparison, the signal 
parameters are set identical, and the platform number is 
set to 2. We obtain sparse solution of the RPSC using the 
GRSR algorithm and extract 42 dimensional features in B‐
MLP. Furthermore, PSVM and KNN are taken as classi-
fiers in RPSC to replace the SC classifier. Trained weights 
from CNNBoosting and CNNBagging are used in the fu-
sion layer for the other methods (represented as En for 
short). TFI‐CNN and LWRT both use uniform weights.

Table 2 indicates that deep methods show an obvious ad-
vantage over shallow methods in terms of recognition accu-
racy in the given SNR range. It proves to be more robust to 
noise, especially for low SNRs, which are inevitable in prac-
tice. This suggests that deep methods have a better capacity 

for learning and exploiting discriminative feature representa-
tions. Compared with TFI‐CNN and LWRT, which directly 
use CNN, the proposed algorithms show higher recognition 
probabilities. This is because CNNBagging and CNNBoosting 
remove the delicate adjustment of CNN parameters and bal-
ance the relationship between CNN and weights.

5.4.2 | Fusion recognition
As the proposed ensemble CNNs achieve decision‐mak-
ing fusion, we compare them with other combination meth-
ods, including maximum, average, product, Bayesian, and 
Dempster‐Shafer (D–S) fusion. For a fair comparison, the 
constructed CNNs are still used to exploit deep features, and 

Method −6 −4 −2 0 2 4 6 8 10

B‐MLP [21] 52.8 66.7 73.6 82.2 88.4 90.6 95.3 97.4 97.9

RPSC + En [4] 58.5 71.6 78.4 85.2 90.5 93.8 96.9 98.2 98.3

RP + KNN+En 55.2 68.6 77.5 85.2 91.2 95.4 97.3 98.3 98.3

RP + PSVM+En 56.3 70.4 79.3 86.8 92.2 96.2 98.0 98.6 98.6

TFI‐CNN [11] 58.4 72.5 80.5 87.8 92.4 96.5 98.2 98.8 98.8

LWRT [12] 59.3 74.4 82.3 88.0 92.8 96.8 98.4 98.9 99.0

CNNBagging 60.1 75.0 82.9 88.8 93.2 97.2 98.6 99.2 99.3

CNNBoosting 63.4 77.2 84.2 88.9 93.5 98.1 99.4 99.5 99.5

T A B L E  2  Recognition accuracies of 
different feature extraction methods

T A B L E  1  Confusion matrix of CNNBoosting at 0 dB

Fusion inference

Actual types

CP LFM NCFM BPSK BFSK QFSK

CP 94 (93.1) 0.4 (0.2) 0 (0.6) 0.7 (0.3) 1.0 (0.9) 2.5 (1.2)

LFM 0 (0.5) 92.5 (92.4) 0.7 (0.2) 0.8 (1.0) 0.3 (3.6) 0.4 (3.0)

NCFM 1.6 (0) 2.3 (0.6) 90.4 (91.6) 3.2 (3.9) 3.8 (1.6) 1.4 (0.9)

BPSK 2.5 (2.6) 3.4 (3.1) 4.5 (2.8) 87.6 (86) 4.2 (4.2) 2.7 (4.3)

BFSK 1.6 (3.0) 1.2 (2.2) 2.4 (4.4) 3.6 (3.8) 86.5 (88.9) 5.0 (4.6)

QFSK 0.3 (0.8) 0.2 (1.5) 2.0 (0.4) 4.1 (5.0) 4.2 (0.8) 88 (86.0)

F I G U R E  5  Probability distribution of different combinations
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the parameter settings remain the same. Because the proposed 
models search for the optimum weights, the comparison meth-
ods are assigned with the same weights (0.5 for 2 sensors), and 
pre‐training is performed without any special processing.

Figure 5 demonstrates the normalized fusion proba-
bility distribution. Here, 2 single inferences differ with an 
SNR = 0 dB, and the right judgment is H(Yfusion) = 6. All the 
combination methods are observed to yield the highest prob-
ability at label 6 and achieve right inference after integration. 
In the comparison, CNNBoosting ranks first, which implies 
that it yields the most reliable inference. This is owing to the 
better usage of the CNN’s structure and the distribution of 
training data in the pre‐training stage.

Further, the noise robustness of the combination is ana-
lyzed in Figure 6. Undoubtedly, the accuracy of CNNBoosting 
is the highest in the entire SNR range. However, the pro-
posed CNNBagging exhibits worse robustness compared with 
Bayesian and D‐S fusion when SNR < 0 dB. The performance 
of CNNBagging improves when SNR increases. It is noted 
that all the methods approximate a similar performance when 
SNR < 0 dB. In such cases, a high SNR contributes slightly. In 
summary, the proposed models and weight assignment method 
jointly improve the robustness of fusion recognition.

6 |  CONCLUSIONS

In this paper, methods of integrating DL and ensemble learn-
ing for the automatic recognition of multi‐platform radar emit-
ters are investigated. In contrast to conventional algorithms, the 
proposed method constructs a more effective architecture for 
handling deep feature extraction and fusion recognition. Deep 
features that are produced by CNNs and fusion structures that 
are constructed using ensemble learning collaboratively boost 
the performance. Experiments conducted on six types of radar 
emitters demonstrate that the proposed algorithms outperform 
state‐of‐the‐art feature extraction methods and conventional 
fusion techniques. To further develop the algorithms, research 

could be devoted to improving the structure of CNNs and en-
semble methods. Although the proposed novel architecture is 
effective and robust, the hierarchical process takes a long time 
to learn deep features.
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