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Abstract: As a typical and widely used passive jamming method, chaff cloud has a strong jamming
ability on radar, and still can not be well resolved. It is exceedingly necessary to improve the anti-chaff
jamming ability of the radar. In this paper, we address this challenge by proposing an effective residual
attention network named RA-Net. Specifically, we introduce the attention mechanism to enable
the network to focus on the most informative and stable hierarchical features of the high resolution
range profile (HRRP) data, effectively improving the model’s feature extraction capability and overall
performance. In addition, we address the limitation of insufficient measured chaff cloud echo data by
establishing a remarkably rich and diverse dataset of chaff cloud HRRP data through extensive field
experiments, providing a valuable resource and critical foundation for advancing HRRP recognition
research in this domain. Experimental results on measured HRRP data demonstrate that RA-Net
achieves superior recognition accuracy 97.10% and outstanding generalization performance compared
to traditional methods, establishing a new benchmark for chaff cloud HRRP recognition.

Keywords: chaff jamming; dataset; radar; HRRP; residual; attention mechanism

1. Introduction

Chaff jamming has always been a key factor affecting the normal operation of radar. Because
of its simple manufacture, low cost, and good jamming effect, it has been widely used in wars and
has become a research hotpot in jamming and anti-jamming technology [1-6]. Chaff jamming will
seriously reduce the detection performance of the radar, resulting in false detection of targets by radar.
Therefore, it is of great significance to carry out research on the anti-chaff jamming of radar.

In order to improve the anti-chaff jamming ability of radar, [7] studies the target recognition
technology of pulse doppler radar based on bandwidth characteristics. [8] completes the simulation
and analysis of target echo signal under the chaff cloud jamming, and gets the chaff cloud jamming
effect on radio fuze based on the previous researches. [9] conducts research based on sparseness
characteristic of chaff cloud echo signal and target echo signal. [10] proposes two alternative methods
to estimate the direction of arrival (DOA) of the target when the chaff jamming is present. Omni-
directional radar cross section (RCS) simulation of chaff cloud and ship in CST electromagnetic
simulation software is carried out, and the high resolution range profile (HRRP) and polarization
characteristics of chaff cloud and ship are analyzed [11]. However, due to the lack of real experimental
data on chaff cloud, these methods mentioned above are analyzed based on simulated data, and the
practical performances need to be further verified. Therefore, it is exceedingly necessary to establish a
real chaff cloud dataset.

Some researchers carry out anti-chaff method research based on range doppler two-dimensional
profile, and validate the effectiveness of the identification method [12,13], but these methods need
to consume more computational resources. Some researchers [14-17] mainly focus the research on
polarization information, but the methods based on polarization information have more complex
hardware design and are more complicated to implement. [18] studies the HRRP characteristics of
chaff cloud and provides theoretical supports for the development of jamming and anti-jamming of
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radio fuze. [19] utilizes the range profile data for the input of the convolutional neural networks (CNN)
to discriminate the chaff cloud and the ship. However, the generalization performance of the network
is not validated.

In this paper, we propose an effective recognition framework named RA-Net, specifically designed
to enhance classification accuracy and robustness. A key component of RA-Net is the integration
of an attention mechanism, which enables the network to focus on the most informative and stable
hierarchical features, effectively improving the model’s feature extraction capability and overall
performance. Furthermore, we construct a comprehensive and diverse dataset of chaff cloud HRRP
data by conducting extensive field experiments, providing a solid foundation for exploring chaff
cloud HRRP recognition in complex real-world scenarios. Experimental results on the measured
HRRP dataset reveal the superiority of our method over traditional approaches, achieving outstanding
recognition accuracy 97.10% with excellent generalization performance.

2. Chaff Cloud HRRP Dataset

In order to establish a comprehensive chaff cloud HRRP dataset, we conduct a large number of
field experiments. A linear frequency modulation continuous wave radar is used to collect the chaff
cloud echo signal. The modulation signal is a triangle wave, the modulation voltage range is 6 v to 9 v,
the modulation signal period is 0.5 ms, the frequency range of the radio frequency (RF) signal is 34
GHz to 35.5 GHz, the bandwidth of the RF signal is 1.5 GHz, and the range resolution is 10 centimeters.
The content of the field experiment is to carry out extensive chaff cloud diffusion experiments under
different conditions. The acquisition time for the chaff cloud echo signal in each field experiment is set
to the range of 3 s to 6 s, and the sampling frequency is 2 MHz. The program of the field experiment
for the chaff cloud HRRP data acquisition is shown in Figure 1.

HRRP can be considered to be the amplitude of the coherent summations of the complex time
returns from target scatterers in each range cell, which represents the reflected radar intensity versus
range along the target extent [20]. Because our radar operates in millimeter-wave frequency band
and when the chaff cloud is in the diffusion stage, the size of the chaff cloud is much larger than the
wavelength of the radar, radar can effectively divide the chaff cloud into many range cells. The radar
signals from scattering centers within the same range cell will be coherently summed into a single
signal for that rang cell. Performing fast Fourier transform of the chaff cloud echo signal for each
period, we can obtain the HRRP data of the chaff cloud.

Two measured chaff cloud HRRP dataset versions are provided: standard chaff cloud HRRP
dataset, the chaff length covers 4 mm and 15 mm and the interference band is the X band and the Ka
band, and non-standard chaff cloud HRRP dataset, the chaff length covers 4.1 mm, 8.2 mm, 9.6 mm, 12
mm, 14.5 mm, 17.7 mm and 20 mm and the interference band is from the C band to the Ka band. The
measured chaff cloud HRRP sample data from standard chaff cloud HRRP dataset and non-standard
chaff cloud HRRP dataset are shown in Figure 2.
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Figure 1. The program of the field experiment for the chaff cloud HRRP data acquisition.
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Figure 2. Measured chaff cloud HRRP sample data from standard chaff cloud HRRP dataset and non-standard
chaff cloud HRRP dataset. (a) standard chaff cloud HRRP data. (b) non-standard chaff cloud HRRP data.

3. Proposed Methods
In this section, we show the details of the proposed RA-Net, including the overview of the
network architecture, fundamental components of the network, and the loss function.

3.1. Design of RA-Net

The RA-Net architecture employs a modular design, combining base block, residual block,
attention block, and fully connected layer, followed by a softmax layer. The network takes the
HRRP data as input and outputs the final predictions. The overall architecture of the RA-Net is shown
in Figure 3. The base block is used to extract initial low-level features from the input HRRP data and
the output of the base block is passed to the residual block to enhance gradient flow and enable deeper
feature extraction without the risk of degradation. The attention block improves the model’s ability to
focus on relevant features, enhancing recognition accuracy and generalization.
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Figure 3. Architecture of our proposed method.

3.2. Residual Block

With the network depth increasing, the accuracy of the network gets saturated, so even net-
works with great depth also face the problem of performance degradation. To ensure maximum
information flow between the layers of the network, we chose to link all the matched feature maps by
introducting residual blocks and to reuse the low-level features in high levels to improve the accuracy
of classification.

Each residual block in our proposed network is composed of convolutional layer, batch nor-
malization layer and ReLU layer. In the convolutional layer, the convolutional kernel is particularly
effective for extracting local features along one dimension, making it well suited for processing HRRP
data. The output of the convolutional layer is normalized using a batch normalization layer. Batch
normalization helps stabilize and accelerate training by normalizing the feature distributions to have
zero mean and unit variance, which reduces internal covariate shift. The normalized feature map is
passed through the ReLU activation function. ReLU introduces nonlinearity and sparsity, which is
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essential for learning complex data representations, and also helps improve computational efficiency
and reduce the risk of overfitting. Mathematically, the output of the residual block can be expressed as:

y = F(x,we,wp) + x, 1)

where x is the input, the function F represents residual mapping to be learned by the convolutional
layer, batch normalization layer and ReLU layer, w. and wj, represent the weights of the convolutional
layer and batch normalization layer respectively, and y is the final output.

3.3. Attention Block

Considering that not all features are equally important in HRRP data, some regions may contain
more discriminative information, thus, we add the attention block to enable the network to assign
higher weights to the important features while supressing less relevant or noise features. Focusing on
informative information to improve the network’s efficiency and accuracy for chaff cloud jamming
identification.

Firstly, the input feature map is processed through a global average pooling layer. Then, the
global average pooling layer computes the spatial average of the feature map with (2), effectively
summarizing the global spatial information into a single scalar. This operation compresses the feature
map from a spatial dimension H x W to a vector size 1 x 1.

! i %
Spool = Gpool(X) = Xij, )
pool = Bpoo HxW & &

where G001 (X) represents the global average pool, X is the input feature map, x;; denotes the value of
input feature map at position (i, j).

The compressed global feature vector is passed through two fully connected layers connected
by the ReLU layer. The output of the second fully connected layer is processed through a sigmoid
activation function to scale the recalibrated weight to the range [0,1]. The scaled weight represents the
relative importance of the HRRP data, which can be expressed as follows:

s = U(w25 (wlgpool + bl) + bz), ®3)

where gp,001 is the output of the global average pooling layer, w; and w; are the learnable weight
matrices of the fully connected layers, b; and b; are the learnable bias of the fully connected layers, J
and o refer to the ReLU function and sigmoid activation function respectively.

The original feature map is multiplied by the learned attention weight. This operation reweights
the features according to its importance, as determined by the attention mechanism:

Fout = Fn ®s, (4)

where F, is the input feature map, Foyt is the recalibrated output, s represents the attention weight,
and ® denotes element-wise multiplication.

3.4. Loss Function

In order to train our proposed network to achieve more performance, we choose the cross-entropy
loss as our optimization function. The cross-entropy loss formula is defined as follows:

1 N K
loss = —— Z Z tni Inyy,;, (5)
N n=1i=1

where N is the number of HRRP samples, K is the number of classes, t,; is the indicator that HRRP
sample n belongs to class i, and y,,; is the output for HRRP sample 7 for class i, which in this case, is
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the value from the softmax function. In other words, y,,; is the probability that the network associates
observation n with class i.

4. Experiments

In this section, combined the measured chaff cloud HRRP dataset, we conduct extensive experi-
ments to evaluate the proposed RA-Net against other methods in terms of the recognition performance
and generalization performance, respectively.

4.1. Training and Test Sets

Our experiments involve two datasets: the training dataset and the test dataset. The ratio of
the number of the training and test sets is 7 : 3. The training dataset comprises 8,400 sets of chaff
cloud HRRP data and 8,400 sets of target HRRP data. Subsequently, the test dataset is utilized, which
includes 3,600 sets of chaff cloud HRRP data and 3,600 sets of target HRRP data. This setup allows us
to rigorously evaluate the performance of the radar under controlled conditions.

4.2. Training Details

We train our RA-Net for 700 epochs on all training data sets on a single NVIDIA GeForce RTX
3080 GPU. The size of batch used to evaluate the gradient of the loss function and update the weights
is 10. The initial learning rate is set at 0.001, and the learning rate schedule drops the learning rate
by a factor of 10 every 10 epochs. The root mean square propagation (rmsprop) optimizer is used for
training the proposed neural network. The training progress of the RA-Net is shown in Figure 4.

18 T T T T T T | 100
1.6 Training Loss 198
Training Accuracy

1.4 190

185
1.2 >
Q
2] <
8 180 5
— 1 3
=4 {75 <
= o0
= 0.8 g
= 170 -3
-
0.6 &=

165

0.4 160

0.2 155

0 1 1 1 1 1 1 .| 50

0 100 200 300 400 500 600 700

Iteration

Figure 4. The training progress of our proposed RA-Net.

4.3. Recognition Performance

In Table 2, we present a comparative analysis of the classification performance achieved by the
proposed model and several traditional methods, using a consistent dataset and evaluation criteria.
The results clearly demonstrate the superiority of the proposed model in achieving high classification
performance compared to traditional clustering methods of K-Means, Fuzzy C-Means and FCM-c,
machine learning method of support vector machine (SVM), and baseline deep learning method CNN.
The architecture of CNN does not include the residual blocks and attention blocks, and the parameter
settings of the other parts are identical to those of RA-Net. Classification results and recognition
performance obtained by different traditional algorithms using various feature combinations are
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shown in Figure 5 to Figure 8 and Table 1 respectively. The definitions of entropy, correlation coefficient

and scattering intensity ratio are shown in Appendix A.
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Table 1. Recognition rates of different algorithms across various feature combinations. A, B and C represents
entropy, correlation coefficient and scattering intensity ratio respectively.

Features K-Means Fuzzy C-Means FCM-¢ SVM

A+B 83.17% 83.20% 83.20% 84.33%
A+C 81.74% 81.90% 82.59%  89.53%
B+C 88.71% 88.51% 88.02% 93.25%
A+B+C 86.56% 86.53% 86.61%  93.20%

Table 2. Classification performance of the proposed model with several traditional methods.

Methods Recognition Performance
K-Means 88.71%
Fuzzy C-Means 88.51%
FCM-o 88.02%
SVM 93.25%
CNN 94.35%
Ours 97.10%

As shown in Table 1, Traditional machine learning algorithms show strong dependence on
features, have different recognition performance with different feature inputs. K-Means, Fuzzy C-
Means, FCM-o and SVM achieve the best recognition performance using the feature combination of
correlation coefficient and scattering intensity ratio as input.

The CNN method demonstrates a clear improvement over SVM, achieving 94.35% recognition
performance. This result emphasizes the ability of deep learning to automatically learn and extract
discriminative features, outperforming traditional machine learning techniques that rely on manually
extracted features.

The proposed model achieves the highest recognition performance of 97.10%, representing a
2.75% absolute improvement over CNN and an even larger margin over SVM and clustering-based
methods. The significant performance boost and substantial improvement can be attributed to the
inclusion of architectural innovations of residual blocks, which facilitate the propagation of features
and gradients across network layers, and attention mechanisms, which dynamically recalibrate feature
importance, allowing the model to focus on the most discriminative information. These architectural
enhancements enable the proposed model to set a new benchmark for classification tasks, offering a
robust and highly effective solution for scenarios requiring accurate recognition.

4.4. Generalization Performance

In order to evaluate the generalization performance of the proposed model, we take another date-
set which is different from the training and test set as a new test set. The new test set consists of 1,000
sets of chaff cloud HRRP data and 1,000 sets of target HRRP data. Table 3 illustrates the classification
performance of the proposed model compared to traditional methods across a different test set. The
proposed model still achieves the highest recognition performance of 94.85%, which demonstrates its
robustness and adaptability in handling complex HRRP data under varying conditions.
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Table 3. Classification performance of the proposed model with several traditional methods in the case of other

test sets.
Methods Recognition Performance
K-Means 88.30%
Fuzzy C-Means 88.10%
FCM-o 88.50%
SVM 91.50%
CNN 90.05%
Ours 94.85%

The results emphasize the importance of model architecture design and highlight the limitations
of other traditional methods, making it well-suited for real-world applications requiring reliable
classification across diverse datasets.

5. Conclusions

In this paper, we present a novel and effective method called RA-Net for chaff cloud HRRP
recognition. In addition, we establish a remarkably rich and diverse dataset of chaff cloud HRRP by
conducting extensive filed experiments. We further introduce the attention mechanism to the network
to learn more useful and stable hierarchical features from HRRP data and improve the network
performance. The experimental results on measured HRRP data reveal that our proposed method
achieves superior recognition performance of 97.10% and exceptional generalization performance
compared with other methods.
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Appendix A
Appendix A.1 Entropy

The concept of entropy is introduced to assess the complexity of the HRRP sequence of chaff
cloud echo and target echo. Let the echo HRRP sequence be represented as {S(I),l =1,2,...... ,N}.
We first normalize the echo HRRP sequence using the following formulas:

a7y - S0

s = isu). (A2)
I=1

The waveform entropy of the HRRP sequence S(I) can be expressed as follows:

(I)1og, S(1). (A3)

M=

E(S) = —

=1

The waveform entropy E(S) reflects the degree of dispersion of the HRRP sequence distribution,
the smaller the value indicates that the energy distribution of the object scattering center is more
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concentrated, and vice versa indicates that the energy distribution of the object scattering center is
more dispersed.

Appendix A.2 Correlation Coefficient

The geometric differences between target and chaff cloud lead to variations in the distribution of
scattering points. These differences, in turn, affect the characterization of the echo HRRP and influence
the correlation observed within the echo HRRP sequence.

The correlation coefficient of the HRRP sequence between different echo periods is defined as

cov[(Sr -5, (Sk —ﬁ)] |

o (8"~ )o(sk - 5)

follows:

p(r k) = (A4)

where cov represents the operation of covariance, o represents the operation of standard deviation, S
and S¥ represent the HRRP sequence of different echo periods, 5" and Sk denote the expectation of the
HRRP sequence of different echo periods, respectively.

The average correlation coefficient of the HRRP sequence across N different echo periods is
defined as follows:

N
c=Y wip(1,i), (A5)
i=2
C2(N+1-1)

YT TN(N =) (A6)

Appendix A.3 Scattering Intensity Ratio

Firstly, the HRRP sequence for each period is sorted in descending order according to the ampli-
tude, and the sorted HRRP sequence of each period can be expressed as {x1(1),x1(2),---- - ,x1(n)}

To calculate the scattering intensity ratio, we first determine the power value of the first m strong
scattering points in the sorted HRRP sequence and compare it to the total power value of the entire
HRRP sequence. The scattering intensity ratio can be expressed as:

Lt x5 (i)

Ky, = .
i1 x3(i)

(A7)
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