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Abstract—Fuze jamming signal recognition plays a critical role
in the battlefield environment. To improve the performance of
fuze jamming signals detection, we propose a fuze jamming
signal detector based on time-frequency analysis (TFA) and
convolutional neural network (CNN), called TFA-CNN, in this
paper. The detailed recognition process of the proposed TFA-
CNN detector is provided, where the short-time Fourier trans-
form (STFT) is first employed to convert the original jammed
fuze signals into the time-frequency images and then the TFA-
CNN detector is built to train the recognition model. Simulation
results verify that the TFA-CNN detector outperforms the typical
existing recognition detectors, such as LeNet, time-frequency
images and convolutional neural network (TFI-CNN) and deep
neural network (DNN), in the detection performance with a
slightly higher time complexity. Specially, the average recognition
accuracy of the proposed detector achieves 99.8% even at a low
signal-to-interference-plus-noise ratio (SINR).

Index Terms—fuze, CNN, STFT, image, accuracy

I. INTRODUCTION

It is known that fuze jamming signal recognition is a
prerequisite for realizing the intelligent fuze anti-jamming.
Accurate recognition of the fuze jamming signals is conducive
to subsequent anti-jamming decisions and is of significant
importance to improve the fuze anti-jamming capability.

Traditional fuze jamming recognition schemes usually ac-
complish the recognition by manually extracting the signal
features in the time or frequency domain. A signal singularity
orientation method based on wavelet transform was proposed
in [1], which can effectively identify the jamming signal
and achieve the precise singularity location of the radio
fuze signal. A fractional Fourier domain (FFD) based digital
radio frequency memory (DRFM) anti-repeat jamming method
was presented in [2] to effectively recognize the jamming
signal and perform anti-jamming. Y. Huang et al. proposed a
frequency modulation (FM) fuze signal recognition based on
Shannon entropy and singular spectral entropy for amplitude
modulated swept jamming signals, and support vector machine
(SVM) was used for classification [3]. An adaptive sparse
time-frequency analysis (ASTFA) scheme was proposed in [4]
to distinguish electromagnetic interference (EMI) signals in
the time domain and recognize the interference type. However,
the accuracy achieved by traditional recognition methods is

limited. Moreover, multiple jamming signals may coexist in
the modern battlefield environment, and some of the jamming
sources intendedly operate at similar frequency of the fuze
signal. Extracting the features of the fuze jamming signals by
traditional methods becomes more and more complicated and
is hard to be practically implemented.

The continuous development of deep learning (DL) is
gradually being applied to many fields, including jamming
signal recognition. [5] proposed a K-nearest neighbors (KN-
N) based radio fuze anti-jamming method by extracting the
frequency exponential entropy and normative entropy features
of the fuze signal, and the classifier performed effectively. A
convolutional neural network (CNN) based jamming detection
and classification for synthetic aperture radar was proposed in
[6], where the jamming signal can be effectively classified
by a visual geometry group (VGG) trained by frequency
domain signals. S. J. Hong et al. proposed a classification
for radar signals based on CNN to improve the classification
accuracy by extracting two radar signal parameters, carrier
radio frequency and signal pulse repetition interval, as the
input of the CNN [7].

In this paper, we propose a fuze jamming signal detector
based on time-frequency analysis and convolutional neural
network (TFA-CNN). First, the original jammed fuze signal is
converted into a time-frequency image by pre-processing, and
the jamming signal features can be extracted in the time and
frequency domains jointly. Then, the time-frequency image is
input to the TFA-CNN detector for jamming signal recogni-
tion. It is shown that the proposed detector can effectively
recognize a variety of single or mixed jamming signals.

The rest of this paper is as follows. In Section II, we
introduce the system model, the pre-processing approach, and
the network structure of the TFA-CNN detector. Section III
describes the dataset generation and offline training. Simula-
tion results and analysis are provided in Section IV. Finally,
Section V draws the conclusion.

II. JAMMING SIGNAL RECOGNITION WITH CNN
A. System Model

We consider the FM radio fuze jamming signal recognition
system shown in Fig. 1, including the target detector, the



jamming source, and the jamming signal recognition module.
The target detector sends the fuze signal by FM expressed as

uon(t) = Uon cos

(
ω0t+

∆ω

Ωm
sin Ωmt

)
(1)

where Uon is the transmit fuze signal amplitude, ω0 is the
carrier angle frequency, ∆ω is the maximum carrier angle fre-
quency shift, and Ωm is the modulated fuze signal frequency.
Then, the transmitted fuze signal reaches the target. After the
target reflection, the fuze echo signal is formed and expressed
as

uc(t) = Uc cos

[
ω0(t− τ) +

∆ω

Ωm
sin Ωm(t− τ)

]
(2)

where Uc is the fuze echo signal amplitude, τ = 2r
c is the

delay time, r is the distance between the fuze and the target,
and c is the light speed.

Fig. 1. FM radio fuze jamming signal recognition system.

After being interfered by the jamming sources, the signal
obtained at the target detector receiver can be written as

u (t) = uc (t) + j (t) + n (t) (3)

where j (t) is the jamming signal and n (t) is the additive
Gaussian white noise (AWGN). The received signal is further
mixed with the local oscillator signal that matches the carrier
signal and enters the jamming signal recognition module. The
jamming signal recognition module consists of two parts: the
TFA module and the CNN detector, as shown in Fig. 2. The
CNN detector extracts time-frequency images features and
recognizes the jamming signals correctly.

Fig. 2. Jamming signal recognition module.

B. Data Pre-processing

In order to extract more features from a one-dimensional
time-series signal, we adopt the TFA method, where the short-
time Fourier transform (STFT) is designed to acquire the time

and frequency domain characteristics of signals simultaneously
[8]. The STFT of the discrete signal x (n) can be written as

STFT (n, ω) =
∑
m

x(m)g(m− n)ejωm (4)

where g (n) is the window function. Since the time-frequency
image is obtained by transforming the signal processed by
the STFT sliding window function, the time and frequency
domain resolutions are not available at the same time. To avoid
the serious distortion, we choose Hann window and set the
length of the window function to be 256. Moreover, we set
the overlap part of the window function as half length of the
window function and convert the STFT-processed signal to an
image with a size of 128×128.

C. Structure of TFA-CNN Detector

To recognize the fuze jamming signals accurately, we
propose the TFA-CNN detector. As shown in Fig. 3, the
TFA-CNN detector consists of four convolutional layers, two
pooling layers, and two fully connected layers. The dimension
of the input layer of the TFA-CNN detector is 64×64×3. The
detailed configurations of the convolutional and pooling layers
are shown in TABLE I. We perform the padding operation
in the convolution layer to learn the edge features of the
time-frequency image and maintain the image size better.
The pooling layer utilized a maximum pooling operation
for downsampling. We also perform successive convolution
operations after the first pooling layer to learn more features.
To reduce the complexity of the proposed detector, we use 1×1
convolution between convolution layer 2 and 4 and reduce the
number of feature channels to limit the training parameters.
A pooling layer follow the last convolutional layer in order
to filter the learned features. The first fully connected layer
has 512 neurons, and the second fully connected layer as the
output layer has 15 neurons, representing 15 jamming signals.
All the layers use the ReLU activation function except for the
second fully connected layer that takes the Softmax activation
function. To prevent the occurrence of the network overfitting,
we apply Dropout process after the two pooling layers and the
first fully connected layer. The Dropout rates are set as 0.2,
0.25, and 0.5, respectively.

TABLE I
DETAILED CONFIGURATIONS OF THE CONVOLUTION AND POOLING

LAYERS

Connection Number of Kernel Pooling Stridelayer filters size areas
Conv1 32 3×3 - 1

Pooling1 - - 2×2 2
Conv2 64 3×3 - 1
Conv3 32 1×1 - 1
Conv1 64 3×3 - 1

Pooling2 - - 2×2 2



Fig. 3. Structure of TFA-CNN detector.

TABLE II
TYPES AND PARAMETERS OF JAMMING SIGNALS

Type Variables of Valuejamming
Noise AM Jamming Frequency 400MHz-600MHz
Noise FM Jamming Chirp rate 800MHz

Sine-wave AM Frequency 400MHz-600MHzjamming
Sine-wave FM Chirp rate 500MHzjamming

Square-wave AM Frequency 400MHz-600MHzjamming

III. DATASET GENERATION AND OFFLINE TRAINING

A. Dataset Generation

As shown in TABLE II, five fuze jamming signals are
considered in our experiments. Typically, since more than
one jamming signal may exist in the real environment, we
obtain 10 mixed jamming signals by superimposing any two
different signals of the five jamming signals mentioned above.
The mixed jamming signals and the five single jamming
signals make up a total of 15 jamming signals. The dataset
is generated by MATLAB simulation, and the parameters are
randomly selected according to TABLE II. Considering the
high jamming power in the real environment, we generate
1,000 jammed fuze signals data every 5 dB intervals from
-20 dB to 0 dB for each jamming signal. There are 5,000
jammed fuze signals data for each jamming signal and a total
of 75,000 data for 15 jamming signals. The simulation data
of the 15 jamming signals are then converted into the time-
frequency images by STFT, where 75% of them are used for
training and the remaining 25% are for verification. Moreover,
2,500 jammed fuze signals data of each jamming signal are
generated for testing as described above.

B. Offline training

The dataset is composed of time-frequency images con-
verted by STFT from the original jammed fuze signals data,
and the corresponding labels of the time-frequency images
are obtained by one-hot coding. In order to evaluate our
detector accurately, the accuracy rate is chosen as the measure.
Meanwhile, the classification cross-entropy loss function is

TABLE III
HYPER-PARAMETERS OF TFA-CNN

Training parameters Value
Epoch 30

Learning rate 0.001
Optimizer SGD
Batch size 64

adopted to improve the accuracy rate. The network model
hyper-parameters are shown in TABLE III.

IV. SIMULATION RESULTS AND ANALYSIS

The simulation results of the proposed TFA-CNN detector
are provided in this section. We select the Keras DL framework
to build and train the TFA-CNN detector, and the hardware
platform is AMD Ryzen 7 5800 CPU and RTX3070 GPU. And
all comparative simulations are implemented on this hardware
platform.

A. Recognition Performance

The recognition performance of the TFA-CNN detector
considering the trained dataset with different overlap ratio
is shown in Fig. 4. It is observed that the accuracy of
the proposed model achieves the highest when the overlap
ratio is about 50%. Meanwhile, the recognition performance
becomes the worst with a 40% overlap ratio. This phenomenon
happens since the time and frequency domain resolutions
after STFT pre-processing cannot be achieved simultaneously.
Moreover, the overlap ratio affects the quality of the generated
images, influencing the model performance directly. In order
to achieve a balance between the time and frequency domain
resolutions of the generated images and the model recognition
performance, we choose the overlap ratio as 50%.

The recognition performance the proposed STFT-based and
conventional Wigner-Ville distribution-based (WVD-based)
[9] methods is illustrated in Fig. 5. WVD method performs
FFT on the instantaneous correlation function of the signal,
which has many advantages, such as no added windows, no
correlation between time and frequency, and high resolutions.
We can see that the recognition accuracy by STFT pre-
processing is significantly higher than that of WVD pre-
processing because the cross-term interference occurs in-
evitably in WVD, leading to a low recognition accuracy. In



Fig. 4. Performance comparison with different overlap ratios.

Fig. 5. Performance comparison under different pre-processing methods.

particular, the cross-term interference is more severe in the
high SINR region, which causes a decrease in the recognition
accuracy. Although STFT requires the addition of windows,
which leads to the interconnection of the time and frequency
domain resolutions, a high accuracy can be achieved through
the selection of the appropriate window functions and param-
eters.

Fig. 6 demonstrates the recognition performance of the pro-
posed TFA-CNN and typical LeNet [10], TFI-CNN [11], and
DNN [12] detectors. It is noticed that the recognition accuracy
of the proposed TFA-CNN detector is obviously better than
that of the other detectors, especially in the low SINR region.
For 15 jamming types, the TFA-CNN detector can achieve
an average recognition accuracy of 99.8% in all the SINR
regions. The average recognition accuracy of the DNN detector
gets the lowest since the DNN detector mainly performs
global feature extraction at each layer during the training

Fig. 6. Accuracy comparison of different jamming signal recognition models.

process and does not consider the structural characteristics
of the images. In contrast, the CNN detector considers the
contextual information of the features within each convolution,
and the integration of features occurs slowly and orderly.
Therefore, the CNN detector achieves an advantage over the
DNN detector in image processing. The LeNet and TFI-CNN
detectors perform poorly in the low SINR region because the
structure of these two detectors is not sufficient to learn the
features of all jamming signals, which degrades the average
recognition accuracy.

B. Model Complexity

To give a comprehensive comparison based on the analysis
of the recognition performance of the proposed detector, we
also further analyzed the complexity of the proposed and
existing detectors. It is described in TABLE IV regarding the
complexity of the proposed and existing detectors. Here, the
running time is chosen to measure the complexity, and 500
images from the test dataset are randomly selected for testing.
We can see from TABLE IV that the TFA-CNN detector has
a shorter running time than the TFI-CNN detector. Although
the running time of the LeNet and DNN detectors is slightly
shorter than that of the TFA-CNN detector, their recognition
accuracy is obviously poor.

TABLE IV
DIFFERENT JAMMING SIGNAL RECOGNITION MODEL RUNNING TIME

Model Average running time (ms/per image)
TFA-CNN 5.59
TFI-CNN 6.22

LeNet 4.57
DNN 3.12

V. CONCLUSION

In this paper, we have proposed a TFA-CNN based fuze
jamming signal detector. The detailed system design and



recognition process have been provided. Simulation results
have shown that the proposed detector can achieve excellent
recognition accuracy in both low and high SINR regions.
Moreover, the proposed detector outperforms the existing TFI-
CNN, LeNet, and DNN detectors and achieves a better balance
between recognition accuracy and model complexity.
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