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RADAR WAVEFORM RECOGNITION USING FOURIER-BASED SYNCHROSQUEEZING
TRANSFORM AND CNN

Gyuyeol Kong and Visa Koivunen

Department of Signal Processing and Acoustics, Aalto University, Finland

ABSTRACT

In this paper the problem of recognizing radar waveforms is
addressed. Waveform classification is needed in spectrum
sharing and radar-communications coexistence, cognitive
radars and signal intelligence. Different radar waveforms
exhibit different properties in time-frequency domain. We
propose a deep learning method for waveform classification.
The received signal is processed with Fourier synchrosqueez-
ing transform that has excellent properties in revealing time-
varying behavior, rate of, strength and number of oscillatory
components in received signals. The resulting time-frequency
description is represented as a bivariate image that is fed into
a convolutional neural network. The proposed method has
superior performance over the widely used the Choi-Williams
distribution (CWD) method in distinguishing the polyphase
waveforms even at low signal-to-noise ratio regime.

Index Terms— Choi-Williams distribution, convolu-
tional neural network, Fourier-based synchrosqueezing trans-
form, radar waveform recognition

1. INTRODUCTION

We propose a machine learning approach for recognizing
radar waveforms based on their time-frequency properties.
While some machine learning techniques for the radar wave-
form recognition [1, 2, 3, 4, 5, 6] based on the Choi-Williams
distribution (CWD) have been introduced, these methods has
the low discrimination capability of polyphase codes since
they use the real-valued image generated by the CWD as a in-
put of neural network. In order to improve the discrimination
capability of various radar waveforms, the proposed method
employs the complex-valued Fourier synchrosqueezing trans-
form (FSST) as the time-frequency representation, instead of
the CWD. The received noisy radar signal is processed with
the FSST that is a particularly suitable tool for revealing key
properties of radar signals such as rate of change, number
of signal components and their strengths, isolating signal
components and describing time-varying behavior [7, 8].
Moreover, it can separate signals from noise. The complex-
valued output of FSST is turned into a bivariate image and
reshaped to provide a sufficiently detailed time-frequency de-
scription for classification purposes. The image is used as an

input to a convolutional neural network (CNN). The network
is trained such that it is exposed to a variety of representa-
tive signal conditions experienced in a waveform recognition
task. In the following, we describe the input signal model,
FSST technique and its properties, representing the transform
output as an image and finally the CNN configuration used
for classification in more detail.

2. SYSTEM AND WAVEFORMS

In this section, we present the signal model and the radar
waveforms considered in this paper. Assuming that the radar
signal is transmitted over the additive Gaussian white noise
(AWGN) channel. Then, the discrete-time complex inter-
cepted signal y[k] can be expressed as

y [k] = s [k] + n [k] = Aejθ[k] + n [k] , (1)

where k is the sample index increasing every Ts for a sam-
pling frequency fs, s [k] represents the complex radar signal,
n [k] is the complex AWGN with the variance σ2

n, A is an in-
variant constant, and θ [k] is the instantaneous phase of the
radar waveforms. The instantaneous phase θ [k] can be de-
fined as

θ [k] = 2πf [k] (kTs) + φ [k] , (2)

where f [k] is the instantaneous frequency and φ [k] is the
phase offset.

We consider eight radar waveforms in this paper [1, 9].
There are the linear frequency modulation (LFM), Costas, bi-
nary phase shift keying (BPSK), and five polyphase codes
such as Frank, P1, P2, P3, and P4 codes as shown in Table
1, where α is the chirp rate, fj is the frequency corresponding
to the jth element of the Costas sequence, M is the number
of frequency steps, and ρ is the pulse compression ratio. The
eight radar waveforms can be divided into two pulse compres-
sion methods, FM (Frequency modulation) and PM (phase
modulation). In the PM, such as the LFM and Costas codes,
f [k] varies while φ [k] is kept constant, and in the PM, such
as the BPSK and five polyphase codes, φ [k] varies while f [k]
is kept constant defined as in Table 1.



Table 1. Eight radar waveforms considered in recognition.

Modulation f [k](Hz) φi,j [k](rad)

LFM f0 + kα constant

Costas fj constant

BPSK constant 0 or π

Frank constant 2π
M

(i− 1) (j − 1)

P1 constant − π
M

[(M − (2j − 1))] [(j − 1)M + (i− 1)]

P2 constant − π
2M

[2i− 1−M ] [2j − 1−M ]

P3 constant π
ρ
(i− 1)2

P4 constant π
ρ
(i− 1)2 − π (i− 1)

3. FOURIER-BASED SYNCHROSQUEEZING
TRANSFORM

The intercepted time-domain radar signal is first turned into
a time-frequency domain signal using the FSST. The FSST
is a kind of time-frequency transform which is an effective
approach to provide a concentrated representation of multi-
component signals in time-frequency plane [7]. It has the
capability of localizing signal portions in time and then an-
alyze its behavior in frequency its variation. This transform
belongs to the family of time-frequency reassignment meth-
ods, and operates on the time-frequency domain of the short-
time Fourier transform (STFT) by reassigning the coefficients
in scale or frequency. This relocation process gives sparse and
sharped time-frequency representations and makes it easier to
distinguish between various received waveforms. The reas-
signment can be used for other time-frequency representation
as well, where the coefficients are reassigned in both the time
and frequency components [10]. In the FSST, the coefficients
are reassigned only in the frequency component in order to
preserve causality.

The FSST decomposes a multicomponent signal f(t) into
K oscillatory components defined by [7, 10]

f (t) =
K∑
k=1

fk (t) =
K∑
k=1

Ak (t) ej2πφk(t), (3)

where Ak(t) is the instantaneous amplitude and φ′k(t) is the
instantaneous frequency of component k. For weak frequency
modulation between components, there exists a small value
ε � 1, ‖A′k(t)‖ ≤ ε ‖φ′k(t)‖ and ‖φ′′k(t)‖ ≤ ε ‖φ′k(t)‖. The
adjacent components are well-separated in frequency with a
distance d, φ′k(t)−φ′k−1(t) > d. For a Gaussian window g of
size σg , the frequency bandwidth of g is ∆ =

√
2 log (2) /σg .

Therefore, the minimum distance between adjacent compo-
nents is d = 2∆.

The FSST Tf (ω, t) is based on the modified coefficients
of STFT Vf (η, t) from (η, t) to (ω̂f (η, t) , t) described by

Tf (ω, t) =
1

g (0)

∫
Vf (η, t) δ (ω − ω̂f (η, t)) dη, (4)

where g(0) is the value of a sliding window g(t) at time 0, δ
is the Dirac delta function, and ω̂f (η, t) is the instantaneous
frequency defined by

ω̂f (η, t) = Re

(
1

j2π

∂tVf (η, t)

Vf (η, t)

)
. (5)

The instantaneous frequency can be approximated by ω̂f (η, t),
when Vf (η, t) > 0. From the FSST, we can obtain the
complex-valued bivariate image Tf (ω, t) with the size of
L × L. Considering the classification performance and the
computational complexity, we set L = 1024 in this paper.

4. PROPOSED RADAR WAVEFORM RECOGNITION
SYSTEM

In this section, we present the structure of proposed radar
waveform recognition. The machine learning system for radar
waveform recognition consists of a image preprocessing stage
and classification stage based on the CNN. In the image pre-
processing stage, the signal transformed into time-frequency
representation using the FSST is turned into a bivariate im-
age with real and imaginary parts of the FSST. Image clip-
ping and resizing operations are performed in order to reduce
the computational load of the CNN while maintaining suf-
ficient accuracy for the classification task. For the classifica-
tion stage, a deep CNN structure with three convolutional lay-
ers and two fully-connected layers is constructed to achieve
a significantly high correct classification performance while
avoiding the overfitting for the radar waveform recognition
problem. By creating a time-frequency representation that re-
veals salient properties of a variety of radar waveforms and
using it as an input to the deep learning system, we can effec-
tively perform the recognition task.

4.1. Image Preprocessing Stage

In the image preprocessing process, there are three steps to
make input image data of the CNN, time-frequency analysis,
image clipping, and image resizing. First, we obtain the bi-
variate time-frequency images of radar waveforms from the
FSST. we collect signal samples of N ≤ 1024 observations
and zero-pad to make an input size of 1024 samples for the
use of FFT operation in the time-frequency analysis. There-
fore, we create the complex-valued bivariate image of the
size of 1024×1024 from the FSST. Then, the bivariate image
is clipped to eliminate the pixels on the FSST generated by
the zero-padding for improving the accuracy of the CNN. In
the image clipping, the image with the size of 1024×1024
is clipped by 1024×N on the time domain, where N is the
length of original waveform samples. Finally, we resize
the clipped image with original observation vector size of
1024×N into 128 × 128 pixels for the input of CNN in or-
der to reduce the computation load. The size of 128 × 128
is sufficient to capture the salient characteristics of various



Table 2. Structure of the employed CNN with the FSST input in
terms of the layers and their parameters.

Layer Dimension Parameters Activation
Input (128,128,2) - -
Convolution 2D (128,128,8) 152 -
Batch Normalization (128,128,8) 16 ELU
Max Pooling 2D (64,64,8) - -
Convolution 2D (64,64,16) 1,168 -
Batch Normalization (64,64,16) 32 ELU
Max Pooling 2D (32,32,16) - -
Convolution 2D (32,32,32) 4640 -
Batch Normalization (32,32,32) 64 ELU
Flatten - - -
FC1 (Dense) (32,768) 4,195,432 ELU
Dropout (0.5) - - -
FC2 (Dense) (128) 1,032 ELU
Dropout (0.5) - - -
Dense (8) - Softmax

waveforms [4]. For the image resizing, the nearest neighbor
interpolation (NNI) technique [11] is used to prevent pixel
degradation due to the multiple noisy pixels. As the result,
the size of image for the input of the CNN is 128×128×2,
because the NNI process is separately operated for the real
and imaginary parts of image.

4.2. Classification Stage Based on CNN

This section describes the proposed CNN structure. A deep
CNN is used to radar waveform recognition problem, with the
network structures given in Table 2. The CNN has an input
layer, three convolutional layers, three batch normalization
layers, two max pooling layers, two fully-connected layers,
and an output layer. In the input layer, the bivariate image of
the size 128×128 created in the image preprocessing stage is
used as an input to the CNN. For the convolutional layer, the
numbers of convolution filters for the first, second, and third
layers are set to 8, 16, and 32 with the filter size 3×3, respec-
tively. To speed up training of the CNN and reduce the sensi-
tivity to network initialization, we use the batch normalization
layers between the convolutional layer and activation function
[12]. For the max pooling layer, we use the max pooling with
2 × 2 filter size, stride size 2, and no zero-padding. The ex-
ponential linear unit (ELU) is used as the activation function
layers except the output layer where Softmax was employed
[13]. In the fully-connected layers, the number of neurons for
the second fully-connected layer is 128, and random Dropout
with rate 0.5 are employed between the two fully-connected
layers to avoid an overfitting problem since a large number
of neurons in the fully-connected layer. In the output layer,
Softmax consisting of the same number of nodes as the cat-
egories computes probabilities to each class for a multi-class
problem, where the summation of those probabilities is 1.0.
Based on the probabilities calculated in Softmax, the CNN
classifies it under categories including of eight radar wave-
forms in Table 1.

Table 3. Waveform and simulation parameters.
Radar

Waveforms
Parameters Value of Range

LFM
fc U(fs/6, fs/4)
B U(fs/20, fs/16)
N U [512, 1024]

Costas
FH sequence {3, 4, 5, 6}

fmin U(fs/24, fs/20)
N U [512, 1024]

BPSK
Lc {7, 11, 13}
fc U(fs/6, fs/4)
Ncc U [10, 13]

Frank,P1
fc U(fs/4, fs/3)
Ncc {3, 4, 5}
M {6, 7, 8}

P2
fc U(fs/4, fs/3)
Ncc {3, 4, 5}
M {6, 8}

P3, P4
fc U(fs/4, fs/3)
Ncc {3, 4, 5}
ρ {36, 49, 64}

5. SIMULATION RESULTS

In this section, we evaluated the classification performance
for the radar waveform recognition based on the CNN using
the FSST. In the FSST, a Kaiser window of length 256 and
shape parameter β = 10 is used. For comparison purposes,
we experimented with the radar waveform recognition based
on the CNN using the CWD represented as an image as an
input to the CNN as in [3], [4]. The CNN classifies the col-
lected radar signal samples with L = 1024 into eight different
radar waveforms: the LFM, Costas, BPSK, Frank, and P1-P4
codes. Table 3 describes the waveform and simulation pa-
rameters for testing the classification performance as similar
to [4], where fc,B, fmin, Lc, andNcc is the center freqeuncy,
the bandwidth of the intercepted signal, the fundamental fre-
quency of the Costas code, the code length, and the cycles per
phase code, respectively. U (·) denotes a uniform distribution.

For the training and test processes of the CNN, we gen-
erated 10,000 signals for each of the eight radar waveforms
with signal-to-noise ratio (SNR) ranging from -14dB to -4dB
at a step size of 2dB. The SNR is defined as SNR (dB) =
10log10

(
σ2
s

)
/
(
σ2
n

)
, where σ2

s is the variance of signal, and
we assume A = 1. Therefore, the total number of signal
is 80,000 per SNR, and we divided the signal set into three
groups: 70% (i.e., 56,000) for the training set, 20% (i.e.,
16,000) for the validation set, and 10% (i.e., 8,000) for the
test set. The CNN was trained over 1,000 epochs using binary
cross-entropy loss function and Adam optimizer with the ini-
tial learning rate 0.01 [14]. In the training process, we used
the mini-batch gradient descent algorithm [15] with the batch
size of 256 that splits the training dataset into small batches to
estimate the error gradient before the model weights are up-
dated, and each batch was randomly shuffled at each epoch.

For the CNN using the CWD, we use the similar CNN
structure described in Table 2 by modifying the size of input
layer and the number of filters in the first convolution layer. In



Fig. 1. Classification performance as a function of SNR.

the CNN with the CWD, the size of input layer is 128×128×1
since the CWD is defined as real-valued and non-negative
across time and frequency, and the number of filters in the
first convolution layer is set to 10 to consider the number of
learnable parameters similar to the CNN with the FSST. In
the CWD, the scaling factor σ = 1 is used.

Fig. 1 shows the classification performance as a function
of SNR. The overall classification probability of the CNN
with the FSST has the better performance than that of the
CNN with the CWD in SNR ranging from -14dB to -4dB.
Even at SNR of -14dB, the overall probability of the CNN
with the FSST is still more than 90%. In the CNN with the
CWD, the classification probabilities of the P1 and P4 codes
decrease dramatically as SNR decreases. Considering the P1
and P4 codes that are usually difficult to distinguish, the clas-
sification probabilities of the CNN with the CWD are signif-
icantly reduced compared with those of the CNN with the
FSST. On the contrary, in the LFM and Costas codes, the

Table 4. Confusion matrix for the CWD at SNR of -10dB. The
overall correct classification rate is 95.6%.

LFM Costas BPSK Frank P1 P2 P3 P4

LFM 100 0 0 0 0 0 0 0

Costas 0.1 99.9 0 0 0 0 0 0

BPSK 0 0 100 0 0 0 0 0

Frank 0 0 0 100 0 0 0 0

P1 0 0 0 0 80.9 0 0 19.1

P2 0 0 0 0 0 100 0 0

P3 0 0 0 0 0 0 100 0

P4 0 0 0 0 15.7 0 0 84.3

Table 5. Confusion matrix for the FSST at SNR of -10dB. The
overall correct classification rate is 98.4%.

LFM Costas BPSK Frank P1 P2 P3 P4

LFM 97.6 2.4 0 0 0 0 0 0

Costas 2.3 97.7 0 0 0 0 0 0

BPSK 0 0 100 0 0 0 0 0

Frank 0 0 0 99.9 0 0 0 0.1

P1 3 0 0 0 96.1 0.1 0.1 3.7

P2 0 0 0 0 0 100 0 0

P3 0 0 0 0 0.1 0.1 99.8 0

P4 0 0 0 0 3.9 0 0.2 95.9

CNN with the FSST has slightly lower classification perfor-
mance than the CNN with the CWD at low SNR regime. The
BPSK, Frank, P2, and P4 codes are relatively easier to classify
than other codes, and the CNN with the CWD and FSST have
almost similar classification probabilities for these codes.

Tables. 4 and 5 show the confusion matrices for the CWD
and FSST at SNR of -10dB. The confusion matrices indicate
that the discrimination between the P1 and P4 codes is the
most difficult in the CNN with the CWD, and it is also some-
what difficult to distinguish between the LFM and Costas
codes in the CNN with the FSST. The CNN with the FSST
shows the better classification probability than the CNN with
the CWD between the P1 and P4 codes. The overall correct
classification probability is almost 3% higher when using the
FSST method instead of the CWD.

6. CONCLUSION

In this paper, we propose the deep learning method for the
radar waveform recognition. The received signal is converted
into the time-frequency representation by the FSST which
provides the sharp and concentrated representation. The re-
sulting bivariate image is used as an input to the CNN af-
ter performing the image clipping and resizing processes. By
using the image containing key features of radar waveforms
as an input to the CNN, the proposed method has almost
3% better (98.4% vs 95.6%) overall classification probabil-
ity and discrimination capability compared to the CNN with
the CWD. The performance gain is particularly significant for
the polyphase signals. However, the proposed method has the
lower discrimination capability between the LFM and Costas
codes than the CNN with the CWD at low SNR regime.



7. REFERENCES

[1] P. E. Pace, Detecting and Classifying Low Probability
of Intercept Radar. Norwood, MA, USA: Artech House,
2009.

[2] E. R. Zilberman and P. E. Pace, “Autonomous time-
frequency morphological feature extraction algorithm for
LPI radar modulation classification,” in Proc. IEEE Int.
Conf. Image Process. Oct. 2006, pp. 2321–2324.

[3] M. Zhang, M. Diao, and L. Guo, “Convolutional neural
networks for automatic cognitive radio waveform recog-
nition,” IEEE Access, vol. 5, pp. 11074–11082, Jun.
2017.

[4] S.-H. Kong, M. Kim, L. M. Hoang, E. Kim, “Automatic
LPI radar waveform recognition using CNN,” IEEE Ac-
cess, vol. 6, pp. 4207–4219, Jan. 2018.

[5] J. Lunden and V. Kivunen, “Automatic radar waveform
recognition,” IEEE J. Sel. Topics Signal Process., vol. 1,
no.1, pp. 124–136, Jun. 2007.

[6] M. Zhang, L. Liu, M. Diao, “LPI radar waveform recog-
nition based on time-frequency distribution,” Sensors,
vol. 16, no.10, pp. 1682–1702, Oct. 2016.

[7] T. Oberlin, S. Meignen, and V. Perrier, “The Fourier-
based synchrosqueezing transform,” in Proc. IEEE Int.
Conf. Acoust., Speech Signal Process. (ICASSP). May.
2014, pp. 315–319.

[8] R. Behera, S. Meignen, T. Oberlin, “Theoretical analysis
of the second-order synchrosqueezing transform,” Appl.
Comput. Harmon. Anal., vol. 45, pp. 379–404, Sep. 2018.

[9] N. Levanon and E. Mozeson, Radar Signals. New York,
NY, USA: Wiley, 2004.

[10] F. Auger, P. Flandrin, Y. Lin, S. McLaughlin, S.
Meignen, T. Oberlin, H. Wu, “Time-frequency reassign-
ment and synchrosqueezing: An overview,” IEEE Signal
Process. Mag., vol. 30, no. 6, pp. 32–41, Oct. 2013.

[11] J. A. Parker, R. V. Kenyon, and D. Troxel, “Comparison
of interpolating methods for image resampling,” IEEE
Trans. Med. Imag., vol. MI-2, no. 1, pp. 31–39, Mar.
1983.

[12] S. Ioffe and C. Szegedy, “Batch normalization: Acceler-
ating deep network training by reducing internal covariate
shift,” arXiv preprint arXiv:1502.03167, 2015.

[13] D. Clevert, T. Unterthiner, and S. Hochreiter, “Fast
and accurate deep network learning by exponential lin-
ear units (ELUs),” ICLR., San Juan, Puerto Rico, May
2016.

[14] D. P. Kingma and J. Ba, “Adam: A method for stochastic
optimization,” ICLR, San Diego, CA, May 2015.

[15] A. Cotter, O. Shamir, N. Srebro, and K. Sridharan, “Bet-
ter mini-batch algorithms via accelerated gradient meth-
ods,” NIPS, 2011.


