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ABSTRACT When a radar signal generated by another vehicle arrives at an ego-vehicle, mutual interference
occurs, which can seriously degrade the detection performance of the radar. To mitigate mutual interference,
the type of radar modulation used in the interference vehicle must be identified because the types of
radar systems installed in each vehicle are different. Therefore, in this paper, we propose a method for
classifying the modulation types of interference signals in automotive fast chirp frequency modulated
continuous waveform (FMCW) radar systems. We build a mathematical model of the received signal when
the radar signal transmitted by the ego-vehicle interferes with various types of interference signals, such as
unmodulated continuous wave (CW), slow chirp FMCW, fast chirp FMCW, pulsed CW, and frequency-shift
keying signals. In the fast chirp FMCW radar systems, the received signal is converted into range-Doppler
response using two-dimensional Fourier transform. Based on range-Doppler responses of the interference
signals, we design a classifier to identify the modulation type of interference signals using a convolutional
neural network (CNN). Through our proposed CNN, we can classify five different types of interference
signals with an accuracy of over 96%. In addition, compared to conventional feature-based machine learning
techniques such as support vector machines, the proposed method can effectively identify the interference
signal with fewer input signals in shorter time.

INDEX TERMS Automotive radar, modulation type classification, mutual interference, convolutional neural

network (CNN).

I. INTRODUCTION

As interest in autonomous driving has recently increased,
the use of radar sensors in vehicles has become mandatory [1]
because the radar sensor is resistant to environmental changes
and has a long detectable range compared to other automotive
sensors, such as camera and sonar sensors [2]. If two or
more radars share the same frequency band, mutual interfer-
ence between these sensors can occur. Furthermore, as the
number of vehicles equipped with radar sensors increases,
the mutual interference can seriously degrade the detection
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performance of the radar [3]. Thus, to ensure a stable detec-
tion performance, it is essential to identify in advance what
type of interference occurred and to apply an appropriate
interference suppression technique. Several studies have pro-
posed to mitigate interference signals generated between
specific radar systems [4]-[6]. The authors in [4] proposed
interference mitigation scheme which dealt with interfer-
ence signal caused by two frequency modulated continuous
waveform (FMCW) radars. They reconstructed interference
signals using the wavelet denoising method and subtracted
it from the low-pass filtered output signal. In [5], a method
was proposed to mitigate the interference signal generated
between fast chirp FMCW radars. The Kalman filter was used
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to restore signals in the interference region by using signals
from the non-interference region. The authors in [6] consid-
ered the case where FMCW radar signals interfered with
continuous wave (CW) radar signals. With morphological
component analysis, they separated interference signals into
interference component and received beat signals. Therefore,
if we identify the modulation type of interference, we can
choose the appropriate interference mitigation method.
However, since different manufacturers use different mod-
ulation schemes, it is very difficult to predict the interference
pattern. Therefore, we need an effective method to identify
the type of interference.

Several studies focusing on interference recognition have
been conducted [7]—[9]. In [7], the authors proposed a method
for classifying interference signals using Gini’s coefficient.
However, they only classified the modulation type of radar
signals transmitted from other vehicles and did not con-
sider the signals transmitted from the ego-radar system. The
authors in [8] considered the case where a signal of the
ego-radar system was received together with a signal of
another radar. They suggested a classification model using
a support vector machine (SVM). The frequency responses
of received signals were used as input data for the model.
However, they did not classify the frequency responses by
extracting features from them; they instead used the mag-
nitude of each frequency bin as input features. Therefore,
it seems that this classification process requires considerable
computation. The authors in [9] extracted features based on
the statistical characteristics of the radar signal and used SVM
to determine the modulation type of signal that interfered with
the received signal. However, this model required full chirp
data for feature extraction resulting in a time delay in the
classification.

In this study, we propose an effective method for classify-
ing the modulation type of interference signal in automotive
radar systems. First, we formulate a mathematical model of
the received signal when the fast chirp FMCW signal from
the ego-vehicle’s radar system is interfered with a signal from
another interference vehicle’s radar system. Five different
modulation types of interference signals were considered in
our work: unmodulated CW, slow chirp FMCW, fast chirp
FMCW, pulsed CW, and frequency-shift keying (FSK) sig-
nals. In the fast chirp FMCW radar system, mutual interfer-
ence can be effectively analyzed in two axes of slow-time
and fast-time, which can be regarded as two-dimensional
(2D) data. These 2D data, radar signals with interference,
were transformed into a range-Doppler response by utilizing
2D Fourier transform. Thus, we propose a model using a
convolutional neural network (CNN) which is effective for
the 2D radar data. Recently, CNN’s have been actively used
in combinations with radar sensor data to classify target
types [10]-[12] or specific actions [10], [13]. In this study,
we proposed a CNN model composed of convolutional layers,
fully connected layers, and an output layer, considering batch
normalization and max pooling for better performance.
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In simulation results, the proposed CNN-based method
can classify five different interference signals with an accu-
racy of over 96% and it shows better classification accuracy
than SVM’s used in [8], [9]. Unlike feature-based machine
learning techniques, our proposed method does not require
hand-crafted features based on domain knowledge. In addi-
tion, whereas the conventional method requires the entire
chirp data for classification, the proposed method allows
classification using only a few chirps. This is to make faster
decisions by lowering the amount of computation in generat-
ing input data of the CNN model. We took chirp data from
the first column and transformed it into 2D range-Doppler
response. The proposed algorithm showed 96.5% accuracy
even when only 1% of the total chirps were used. We verified
that the accuracy increased as the number of chirps used
increased. We also compared the classification performance
with the methods proposed in [8], [9].

The remainder of this paper is organized as follows. First,
we describe the mathematical model of the received sig-
nal with interference signals in Section II. In Section III,
the proposed CNN-based classification method is presented,
including the input type and the framework for the CNN.
Then, the classification results using the CNN are given in
Section IV. Additionally, we also compare the performance of
the proposed method to other classification methods. Finally,
we conclude this paper in Section V.

Il. RANGE-DOPPLER RESPONSE OF INTERFERENCE
SIGNALS IN AUTOMOTIVE RADAR SYSTEMS

In automotive radar systems, if two or more radar-equipped
vehicles share the same frequency band, mutual interference
signals are generated. These signals contain frequency infor-
mation about both the target and the interference sources.
Therefore, by using the frequency information about the
interference source, we can estimate its modulation type. In
this section, mathematical models for the modulation types of
the received interference signals are derived in range-Doppler
response forms using 2D Fourier transforms.

A. FAST CHIRP FMCW RADAR SYSTEMS

We assume that the ego-vehicle transmits fast chirp FMCW
radar signals for target detection. The fast chirp FMCW
radar has an advantage over the conventional FMCW radar
in terms of efficiency of target estimation. In the case of
conventional systems, a target pairing process is necessary
for target estimation. In multi-target situations, the pairing
process can be a time-consuming task. In contrast, in the
fast chirp FMCW radar system, the target estimation can be
done without the target pairing process because the peaks
corresponding to the targets appear in the 2D range-Doppler
response [14]. For this reason, the fast chirp FMCW is the
most widely used automotive radar system for autonomous
driving. Fig. 1 shows this system, in which a transmitting
antenna transmits a chirp signal whose frequency increases
linearly with time. The transmitter repeatedly sends M chirps
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FIGURE 1. Radar signal processing in fast chirp FMCW radar systems.

and the corresponding transmitted signal can be expressed as

Stx (¢ )=Are 27 - — |t —t
, m) = Xp . + 2

+j¢r) O<t<AT,0<m<M), (1)
where At is the amplitude of the transmitted signal, f. is the
carrier frequency of the radar, BW is the bandwidth, AT is
the sweep time of a chirp, ¢ is the time value in the fast-time
axis, m is the chirp index, and ¢r7 is the initial phase of the
transmitted signal. A receiver receives these M chirps signals
that are reflected from a target. The corresponding phase of
the received signal can be expressed as

B BW
orx(t, m) = <fc - — +fD> (t—1q) + m (t —ta)?

(ta <t <AT,0<m<M). (2

Compared to (1), there are phase differences in (2), which are
caused by the target motion. The first one is from the Doppler
shift fp, 2{"". This is caused
by the relative velocity v between the radar and the target.
The second one is from the round-trip delay t; = @,
where #,4 is the time delay for the transmitted signal to reach
the target and return to the receiver and R(m) is the distance
between the radar and the target. Here, R(m) is the distance
for the mth chirp which can be expressed as R+mvAT, where
R is the initial range. This is because the radar and the target
move with relative velocity v, which causes the range offset
from the initial range R.

The received signals are then multiplied with the transmit-
ted signal in a mixer to obtain a signal at the intermediate
frequency. Higher frequency components are filtered with the
low-pass filter. The corresponding phase of the mixer output
signal can be expressed as

BW
_th +fctd — de +fDld

+BWﬂ BWt2
Ar d
(g <t<AT,0<m<M). 3)

Pux(t, m) =

VOLUME 8, 2020

The first, third, fourth, and last terms, which are expressed as
fpt, %td, fptq, and ZBAWT 12, respectively, can be neglected
because they are relatively smaller than the other terms. Con-
sidering that fp = Yev = w, omx (t, m) can

be approximated as

2f.R 2 vAT 2BWR
S (t, m) ~ fc L HvAT | 2BVR,

c ATc
2BWvm
+ t

c
(tg <t <AT,0<m<M). “4)

Again, the last term 2BWV’"t can be neglected because it is

relatively smaller than the other terms. Finally, ¢ppx (¢, m) can
be approximated as

2f.R 2f.vAT 2BWR
Oomx(t, m) ~ f; + e t

m+
c ATc
(g <t<AT,0<m<M). 5)

Each chirp signal is sampled by an analog-to-digital con-
verter (ADC) and N is the number of samples in a single
chirp. Thus, the mixer output is defined in a N x M matrix
form as

S = [sc(1), 5c(2),
[s(1, m), - - -

) SC(M)] s (6)

where s.(m) = ,s(N, m)]T and s(n, m) is

defined as

s(n, m) = Ay exp <j2n (

2f.R n ZvaAT
c c
2BWR AT : -

+ ATe N n) +J¢s) 0!
In (7), Ay is the amplitude of the mixer output signal and ¢
is the phase offset.

When applying 2D Fourier transform on S in (6), we can
estimate the target’s velocity and range simultaneously. The
resulting frequency response is called the range-Doppler
response. The 2D Fourier transform can be performed step
by step; for example, a column-wise Fourier transform can
be performed first, followed by a row-wise Fourier transform.
When column-wise Fourier transform is applied on the signal
matrix S, a peak appears at a specific frequency which corre-
sponds to the last term in (7), 2?;/61? . Therefore, this frequency
implies the distance between the radar and the target. The
corresponding frequency responses can be expressed in a
N, x M matrix form, where N, is the number of points in
the column-wise Fourier transform, as

Xc = [xc(l)s xc(z)v

s Xe(M)], (8)

here x.(m) = [x(1,m), -, x(Ne,m)]" and x(n., m) is
defined as
N 2mn
x(ng, m) = Zs(n, m) exp (—j N ) . 9)

n=1

Here, x.(m) is the frequency response of s.(m) and X, is

the frequency response following the column-wise Fourier
transform.
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Next, in (8), we apply Fourier transform on each row
vector x.-(n.) in X., where x..(n.) is defined as x.,(n.) =
[x(ne, 1), --- , x(nc, M)]. The range-Doppler response can be
expressed in a N, x N, matrix form, where N, is the number
of points in the row-wise Fourier transform, as

xp(1)
xm(2)
w=| .| (10)
Xv(Ne)
where x,,(n.) = [xn(nc, 1), - -+, xp(n¢, Ni-)] is the frequency

response of x.,(n.) and x,,(n., n,) is defined as

M 2mm
(e ) = Y x(ne, myexp ( —j—=nr ). (1)
r

m=1

Fig. 2(a) shows the result of the column-wise Fourier
transform when a single target moves at a speed of 20 m/s at a
distance of 15 m. As shown in the figure, peaks are generated
at 15 m in every column. In addition, a relative velocity
between radar and target can be obtained when applying
Fourier transforms on each row of S. As shown in Fig. 2(b),
peaks appear at the frequency of @, which is the second
term in (7). Therefore, we can estimate that the target moves
at a speed of 15 m/s.

& 250
© 200

2 100
Range (m) o ; Number of Chirps.

(a) (b)

50 20
Number of Samples Velocity (m/s)

FIGURE 2. Frequency responses of fast chirp FMCW radar system (a) after
column-wise Fourier transform (b) after row-wise Fourier transform.

Fig. 3 shows a range-Doppler response of the signal
received from the target we set above. As shown in the figure,

80

60

-20 0
Velocity (m/s)

Range (m) 0

FIGURE 3. Range-Doppler response of fast chirp FMCW radar system: a
peak corresponding to target appears at (R, v) = (20 m, 15 m/s).
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peaks appear at certain values on the range and velocity axis,
enabling the estimation of the target information as R =
20 m and v = 15 m/s. Furthermore, if two or more targets
exist, the corresponding peaks appear at the range-Doppler
response. Therefore, we can simultaneously estimate both the
range and velocity of each target.

B. RANGE-DOPPLER RESPONSE OF THE INTERFERENCE
SIGNAL

When some objects other than targets are nearby, their cor-
responding frequency responses appear at the range-Doppler
response. Particularly, if there is an interference vehicle that
also transmits radar signals for target detection, it acts as
a new signal source, making frequency responses different
from the target’s frequency response. In this study, the simu-
lation setup was based on three vehicles driving on a road as
shown in Fig. 4. The blue car is an ego-vehicle equipped with
aradar sensor and is capable of detecting other cars, the green
car is a target vehicle driving in front of the detection vehicle,
and the orange car is an interference vehicle that also emits
radar signal for target detection and interferes with the ego-
vehicle. The two radar-equipped vehicles share frequency
bands; therefore, interference occurs.

Interference vehicle

Target vehicle

> m
0

Ego-vehicle
:

FIGURE 4. Driving environment.

We set five different modulations for the interference sig-
nal: the unmodulated CW, slow chirp FMCW, fast chirp
FMCW, pulsed CW, and FSK signals. In [9], the mathemati-
cal expressions of the interference signals are presented when
a fast chirp FMCW radar is used for target detection. The
expressions are shown in Table 1.

All signals listed in Table 1 are the outputs of the mixer. As
these signals are given in the form of a vector with a single
time index, they must be converted into a matrix form of size
N x M to check the range-Doppler responses, as shown in (6).
The NM data samples sampled in the ADC are converted to
the matrix form of (6), and then the range-Doppler response
is obtained through the processes of (8)-(11). Analyzing the
magnitude of range-Doppler responses, as presented in Fig. 5,
we observe that different patterns are generated according
to the modulation types. Fig. 5(a) and Fig. 5(b)-(f) show
the magnitude of range-Doppler responses when only the
target exists and when five different types of interference sig-
nals are received together, respectively. From the expressions
in Table 1, different frequency components of the interference
signals create specific patterns in range-Doppler responses.
Therefore, we can expect that a deep learning model trained
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TABLE 1. Modulation types of interference signals and mixer output signals.

Modulation of . .
interference Frequency Mixer output signal
Syc(t) = Ayc ex ('Zn( —fu—fo— 2 —mBW)¢
Unmodulated CW constant with time ve ve &Py (fc Jr = o 2 )
+ (fur + fodta + 3 t?) +f¢uc) (12)
_ . n. BWI
Ssc(t) = Ascexp | j2m ( o= fa = fo = 254 (1) 2L —mBW
. linearly increase and 1\ns 1\ BW, ns BW, 2
Slow chirp FMCW | "7 Iiase & +(=1)™nBW, + (—1) td) t+2 ( — (-1 ) t
BW, BW .
+ (for + fo = (C1" T = (—1)nBW; ) tg = (—1)"s ik e3) +J¢sc> (13)
. . . Spc(t) = Apcexp | j2m (C—fc, o ——+%—mBW+n,BW, +%td)t
. linearly increase with ATy
Fast chirp FMCW short time
1(BW  BW, BW,
_(AT ATII) t+ (f“ -5 - n,BW,) ta = ar, td) +]¢FC) as
. - t-npT BW
| See(® = Apcexp | j2m ( (fe = ZniZg ferrect (FREER) — f T~ mBW ) ¢
constant frequency in P
Pulsed CW .
short time Np-1 t—npTprs ]
+ o 62+ (ZnP 20 forect (FREER) £ £, ) t4) + jbpe (15)
. BW
Ssk(t) = Apsk exp <]27T ((fc —fo = fo —— —mBW
Frequency shift keying | vary with discrete value +fstep Nsmp_l_z(n; mod Nmp)) t+ % t2
N, —1-2(ng mod Ng¢e .
+ (fcl + fo — fstep =<k ( ZF = p)) td) +]¢FSK> (16)
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FFT index, fast time
FFT index, fast time

200

250
100

200

100 150 250

FFT index, slow time
(a)

Range-Doppler response (Fast chirp FMCW)

2
g

FFT index, fast time
FFT index, fast time

100 150 200 250 100

FFT index, slow time

(d) (

Range-Doppler response (Unmodulated CW)

150

FFT index, slow time

(b)

Range-Doppler response (Pulsed CW)

150

FFT index, slow time

e)

Range-Doppler response (Slow chirp FMCW)

FFT index, fast time

100 150
FFT index, slow time

(©)

Range-Doppler response (Frequency shift keying)

200 250

FFT index, fast time

200

250
FFT index, slow time

®

FIGURE 5. Range-Doppler responses of recevied signals when (a) only target signal, (b) unmodulated CW signal, (c) slow
chirp FMCW signal, (d) fast chirp FMCW signal, (e) pulsed CW signal, and (f) FSK signal received.

with the magnitude of these frequency responses can ensure
the identification of the interference signals.

Iil. PROPOSED METHOD

A. INPUT FORMAT

To classify the modulation types of interference signals,
we consider a CNN model. Compared to an artificial

VOLUME 8, 2020

neural network, the CNN employed convolution operations
for learning, resulting a reduction in the number of training
parameters and effective extraction of the local characteristics
of the input image [15].

For the classification task, we use the magnitudes of
range-Doppler responses X,,. First, these magnitudes are
normalized to values from O to 1. When the maximum and
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minimum values of x,,(n, n,) in all data set are x/;** and

x", respectively, the normalized value x]\"""(n., n,) can be
expressed as

Xp(ne, ny) — x/min
e oo Tw (17)

max __ ymin
Xry Xry

X (ne, ny) =
Thus, the normalized range-Doppler magnitude responses
are defined in a matrix form as X;;", where k is the index' for
the modulations of interference signals and the size of Xj" is
N¢ x Nr. We use X" as the input of the CNN model for the
interference classification. In this study, we set the number
of points in the Fourier transforms equal to the number of
time-domain data. Therefore, the size of the received signal
matrix in the time-domain remains the same after 2D Fourier
transform.

B. CNN MODEL

Fig. 6 shows the structure of our CNN model, which consists
of a combination of convolutional layers, batch normalization
layers, rectified linear unit (ReLLU) activation layers, max
pooling layers, fully connected layers, dropout layers, and an
output layer. The detailed description of each layer is listed
in Table 2. Each convolutional layer performs 5 x 5 convo-
lution operations, and the number of filters increases as the
layer becomes deeper. Both the stride and padding size are set
to 2 in each convolutional layer. After convolution, the batch
normalization is used to normalize the intermediate results of
the model. With the batch normalization, the training speed
can be improved because a gradient vanishing or gradient
exploding can be prevented [16]. Then, we use the ReLU
activation function [17], which is defined as

4, =0

n (18)

! i
= (), 4 =
f&) = max{0, 2} 0, else

where 7/ is an element of outputs in /th convolutional layer.

The max pooling layer is used to decrease the spatial size
of features and parameters of the network [18]. The units in
the final max pooling layer are flattened into a single vector.

1X1x2048

256 X256 X 1
128 x 128 x 32

64 X 64 x32

1xX1x6
16 X 16 X 64

4x4x128

8x8x128
32Xx32X64

@ Input data
@ Convolutional layer
@ Max pooling layer

FIGURE 6. The structure of the proposed CNN model.
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TABLE 2. The detailed description of CNN model.

Layer Size of Feature Map | Size of Filters
Input image 256 x 256 x 1
Conv 128 x 128 x 32 SX5%x32
Batch norm 128x 128 x 32
ReLU activation 128 x 128 x 32
Max pooling 64 x 64 x 32 2x2
Conv 32 x 32 x 64 SX5x64
Batch norm 32 x 32 x 64
ReLU activation 32 x 32 x 64
Max pooling 16 x 16 x 64 2x2
Conv 8 x 8 x 128 5x5x128
Batch norm 8 x 8 x 128
ReLU activation 8 x 8 x 128
Max pooling 4 x4 x 128 2x2
Fully connected 1 x 1 x2048
Dropout 1 x 1 x 2048
ReLU activation 1 x 1 x 2048
Fully connected I x 1 x2048
Dropout 1 x 1 x 2048
ReLU activation 1 x 1 x 2048
Fully connected Ix1x6
Softmax I x1x6
Output I1x1x6

This final max pooling layer is followed by fully connected
layers. Dropout layers are used after each fully connected
layer to prevent overfitting [19]. At the output layer, the out-
put for K classes is obtained using a softmax activation
function, as follows:

z=1[z, - ,z]" =o(h), (19)

where z; is the predicted interference representing the kth
category in the K classes, h = [hy, -, hx]" is the output
of the last fully connected layer, and o(h) is the softmax
function, which is defined as
el
a=loml = ——. (20)
Dy el

The mini batch size is set to 256, the learning rate is set to
1074, and the epoch is set to 10 for training.

C. NETWORK OPTIMIZATION

The parameters for the CNN model are learned through train-
ing dataset 7 to minimize the loss function. Based on the
cross-entropy, the loss function for the jth training sample is
calculated as

K
Loss(z9) = — Z I,E]) log(z,({’)), (21)
k=1
where t,ij ) = 1 when k is the index for the ground truth of the
o

Jjth training sample and #;”" = 0 otherwise. The total loss for
the training set is calculated as

1 .
J(©) = — ) Loss@"), (22)
71 2
jeT
where ® represents all learnable parameters for the CNN
model and | - | is the number of elements in a set.
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To minimize the loss function, several variants of the
gradient-descent method have been studied in the literature,
such as AdaGrad, AdaDelta, Adam, and momentum [20].
These optimizers adaptively change the learning rate to prop-
erly minimize the loss function. Here, we used the momentum
optimizer in our experiments.

IV. CLASSIFICATION OF INTERFERENCE SIGNAL

A. SIMULATION ENVIRONMENT

We evaluated the performance of the proposed method
through simulation. As mentioned in Section II-B, the ego-
vehicle transmits radar signals to detect the target vehicle in
front. The interference vehicle drives in the opposite lane and
transmits the interference signals. The distance between the
detection and target vehicles varied from 10 m to 70 m. The
distance between the detection and interference vehicles was
also set to vary from 10 m to 70 m. The range of the relative
velocity between the detection and target vehicles was set to
vary from -30 m/s to 30 m/s. In the case of relative velocity
between the detection and interference vehicles, the velocity
was set from -60 m/s to 0 m/s.

The parameters of the detection and interference vehicles
are presented in Table 3. These system parameters are deter-
mined to meet the radar specifications that vary depending
on the environment in which the radar is used. For example,
the maximum detectable range is expressed as 4%‘, and the
velocity resolution is expressed as m. The values of N
and M are usually determined as a power of 2 with a value
ranging from 128 to 512, which are set to 256 in this paper.

TABLE 3. Parameters setting of simulation.

Modulation type Parameter Value
Center frequency 76.5 GHz
Bandwidth 500 MHz
Ego- . Sweep time 10 ps
veghicle Fast chirp FMCW # of sgmples 256#
Sampling frequency | 25.6 MHz
# of chirps 256
Unmodulated CW Center frequency 76.5 GHz
Center frequency 76.5 GHz
Slow chirp FMCW | Bandwidth 700 MHz
Sweep time 1 ms
Center frequency 76.5 GHz
Fast chirp FMCW Bandwidth 800 MHz
Interference Sweep time 1 ps
vehicle Center freq}lency 76.5 GHz
Pulsed CW Pulse duration 5 pus
Pulse repitition time | 15 us
Center frequency 76.5 GHz
Bandwidth 600 MHz
FSK # of steps 17
Frequency step 37.5 MHz
Step duration 6 us
We set K = 6 classes for classification: one class for

the case when only the target signal was received and five
classes for the five different modulations. For convenience,
we set each class name as follows: “TS” for target signal,
“UC” for unmodulated CW radar signal, “SC” for slow
chirp FMCW radar signal, “FC” for fast chirp FMCW radar
signal, “PC” for pulsed CW radar signal, and “FSK” for
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FSK radar signal. We generated 10,000 received signals per
class and transformed them into X};”. 70% of the data was used
for training, 15% was used for validation, and 15% was used
for test. There are several causes of noise in the radar systems,
but the most dominant noise is the thermal noise generated by
the radar antenna [19]. Thus, to model the noise of the signal,
we assumed the noise to be additive white Gaussian noise
(awgn) and set signal-to-noise ratio to 10 dB.

In addition, as all signal post-processing should be per-
formed within a signal period of several tens of millisec-
onds, an efficient and fast signal processing algorithm is
required [23]. Therefore, we also trained the CNN model
using a small amount of data to reduce the amount of
computation. The conceptual diagram is shown in Fig. 7.
We selected chirps to be used from the first column of the
time-domain signal matrix S. At this time, if the chirp is
taken less, the computational operations in the conversion
to 2D range-Doppler response get reduced. We analyzed the
accuracy of the model by reducing the number of chirps used
and attached the corresponding results.

Number of sampl
Number of samples
Number of samples

Number of chirps

FIGURE 7. Concept diagram showing the use of a small number of chirps.

B. CLASSIFICATION RESULT
We first verified the performance of the CNN model by
varying the number of chirps used. The horizontal axis of
Fig. 8 represents the number of chirps used for classification.
With the proposed method, we can classify the modulation
of interference signal with an accuracy over 96%. The use
of only 1% of data for the algorithm enables the classifi-
cation by the CNN model with an accuracy of 96.8%. This
is because even if the number of chirps used is reduced,
the characteristics of the signal can be seen in the frequency-
domain. Therefore, considering a saving of data storage and
fast decision, the task can be performed with considerably
less chirps. However, for the selection of the number of chirps
used, there is a trade-off between the computational cost and
the classification accuracy. Using less chirps results in poor
performance because the characteristics in frequency-domain
get lost. As the number of chirps used increases, the frequency
characteristics become more obvious, so the performance
increases. When using 8% of the total data (20 chirps),
the performance converges to 100%, which can be interpreted
as sufficient to represent the frequency characteristics of the
interference signal. Therefore, we can conclude that it is
better to use at least 8% of the data to ensure classification
performance. Less chirps may be used depending on the
purpose.

A training progress when using 20 chirps is shown in Fig. 9.
The training accuracy, validation accuracy, training loss and
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FIGURE 9. Training and validation accuracy and loss when using 20 chirps.

validation loss over epoch number are plotted. As the learning
progressed, the accuracy increased and the loss decreased.
Finally, the training accuracy and the validation accuracy
converged to 100%. Also, because the training loss and the
validation loss showed similar tendency, we can say that the
model was prevented from over-fitting. Therefore, the model
was well trained to classify the interference signals.

Furthermore, we compared the performance of the model
with the methods suggested in [8], [9], which used an SVM
for classification. The results are shown in Table 4. For
comparison, we selected the percentage of chirp used as
8% (20 chirps), which provided a classification performance
of 100% for the first time. Compared to two conventional
interference classification methods, our proposed method had
a better performance. Summarizing the results of Fig. 8 and
Table 4, our model is more suitable for interference classifi-
cation than the conventional methods even when the number
of chirps used is small.

We also compared the computational complexities of the
three methods in quantitative way. Because the three methods
used different classification model, it is hard to strictly com-
pare the complexity. We analyzed the relative complexities
through the execution times of them. These times are mea-
sured with a MATLAB 2019a program on a computer with an
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TABLE 4. Performance comparison when 20 chirps used.

Method Accuracy | Training time | Test time
Proposed CNN method | 100% 350s 45.8 ms
SVM method in [8] 75.9% 309 s 20.5 ms
SVM method in [9] 94.4% 2,339s 11.4 ms

AMD Ryzen Threadripper 2990WX 32-Core Processor run-
ning at 3.0 GHz. As shown in Table 4, our proposed method
took longer time to train than the SVM method in [8] using
a linear kernel. However, the training was completed in less
time than the method of [9] using a quadratic kernel. When
comparing the test time, the results of the three methods are
similar in tens of milliseconds.

In addition, we verified the performance of the proposed
model using 3% of entire chirps (7 chirps), and the result is
shown in Fig. 10. As shown in the figure, most of the test
samples were well classified, but some data in classes “TS”
and “SC” were misclassified. As shown in Fig. 5, the data in
class “SC” do not have dominant patterns of vertical stripes
unlike other interference signals. We observed that when the
number of chirps used is small, part of the samples in class
“SC” is similar to those of class “TS” with noise. We also
found that this tendency gradually disappeared as the number
of chirps used for classification increased.

Confusion matrix of CNN model

10
TS
uc
2
@ sc
© 10’
=1
g
pml
a3 FC
PC
FSK 0 1100
TS uc SC FC PC FSK
Actual class

FIGURE 10. Confusion matrix when 7 chirps used.

Fig. 11 represents data visualization using t-stochastic
neighbor embedding (t-SNE), which uses stochastic prob-
ability to achieve dimensionality reduction. The algorithm
preserves the characteristics of the original data even after
the dimension of data is reduced to two or three [24].
Figs. 11(a) and (b) show the results of the input and the feature
vector, respectively. As shown in Fig. 11(a), some data of each
class are located close to each other, but many are mixed and
distributed. When the features extracted through the CNN
model are used as inputs to the t-SNE algorithm, as shown
in the Fig. 11(b), the data of each class are distributed in
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(a) (b)
FIGURE 11. Scatter plots of t-SNE algorithm (a) with input data (b) with
feature vector.

clusters. Therefore, it is evident that the proposed CNN model
appropriately changed the phenotype of the input image for
classification.

V. CONCLUSION

In this study, we classified five different modulation types
of radar interference signals for automotive radar systems.
First, we formulated a mathematical signal model in which
the target and the interference signals were received together.
Then, using the 2D Fourier transform, these received signals
were converted to range-Doppler responses and stored as a
set of image data. Finally, we proposed the interference signal
classifier using the CNN model based on the generated image
data set. We verified that the model identified the modulation
type of interference signal with an accuracy of over 96%.
In addition, the classification performance of the proposed
method was also evaluated using a small number of chirps and
it showed more than 5.6%p better performance than the con-
ventional SVM’s. Through the proposed method, the modu-
lation types of interference signals from various automotive
radar sensors are accurately identified in a short time, so it
can be effectively applied to the interference mitigation or
interference avoidance. If different mitigation techniques are
applied depending on the types of the interference signals,
the target detection performance will be greatly increased.

APPENDIX
DERIVATIONS OF MIXER OUTPUT SIGNALS OF
INTERFERENCE SIGNALS
In this section, we derived the mixer output signals of five dif-
ferent modulations of interference signals. All the mixer out-
put signals are expressed in one-dimensional time-domain.
First, we will express the transmitted signal of the ego-vehicle
which uses the fast chirp FMCW radar. Then, signals trans-
mitted from the interference vehicles of five modulation types
will be expressed in each subsections. Finally, the transmitted
signals from the ego-vehicle and the interference vehicle are
mixed considering the round-trip delay 7; and the Doppler
shift fp.

The frequency of the fast chirp FMCW radar system can
be expressed as

BW  BW

Jre@) =fe = —= = - (t =mAT), (23)
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where m is the index of chirps. The corresponding transmitted
signal can be expressed as

) BW
St(t) = Ar exp <]2n ((ﬁ — T—mBW) t

BW
“rml ) +j¢T) , 24

where ¢r is the initial phase of the signal. This transmit-
ted signal will be multiplied with the transmitted signals of
interference vehicles.

A. UNMODULATED CW
The unmodulated CW radar transmits signals with constant
frequency. The frequency of this radar can be expressed as

Sfuc(t) = fu, (25)

where f,; is the center frequency of the interference signal.
The corresponding transmitted signal can be expressed as

Sr(t) = At exp (21 fert + jor) - (26)

Then, the received interference signal can be expressed as

Sr(t) = Arexp (27 (fer +fp) (t — 12) +jér) . (27)

where ¢g is the initial phase of the received signal. The
mixer output signal is obtained by mixing (24) and (27). The
corresponding signal can be expressed as Eq. (12).

B. SLOW CHIRP FMCW

The frequency of the slow chirp FMCW radar linearly
increases and decreases with time. The frequency of this radar
system can be expressed as

BW,
fsc(t) = fur — (—D”S—’
+(— 1)"5 (t nsATy), (28)

where ng is the index of the chlrps, BW[ is the bandwidth of
the interference signal, and AT7 is the sweep time of a chirp of
the interference signal. The corresponding transmitted inter-
ference signal can be expressed as

St(t) = At exp <j27'[ ((fd — (_Dns%
- (—l)nsnsBW1>t

+ = ( 1)"5 (r—td>2) +J¢T) (29)

Then, the received interference signal can be expressed as

s = s (e (1 - 2

— (=) ngBWy +f1))(t —1q)

BW,
+ = ( DN (r—td>2) +J¢R> (30)

The mixer output signal is obtained by mixing (24) and (30).
The corresponding signal can be expressed as Eq. (13).
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C. FAST CHIRP FMCW

The transmitted signal of the fast chirp FMCW radar is
shown in (24). Then, the received interference signal can be
expressed as

, BW;
Sr(t) = Agexp | j27 | | for — -5 myBWy

o )t =t + 2= 1) + i 31)
D YN s d JOR ) -
The mixer output signal is obtained by mixing (24) and (31).
The corresponding signal can be expressed as Eq. (14).

D. PULSED cw

In the pulsed CW radar system, the antenna transmits a series
of pulses. The frequency of the pulsed CW radar can be
expressed as

Ne—1 t —npT,
frc() = Zofdrect (%) (32)
np=

where np is the index of pulses, Np is the number of total
pulses, rect(-) is a rectangular function, Tpg; is the pulse
repetition time, and Tp is the pulse duration time. The cor-
responding transmitted signal can be expressed as

Np—1
t—npTpgr
Sr(t)=Are 27T qrect | —————— |t +ji
T(t)=Arexp | ] Zfd ( T >+J¢T

np=0

(33)

Then, the received interference signal can be expressed as

Ne—l t —npT,
; — nplpRr
Sgr(t) = Agexp | j27 E Sferrect (T—P)

np=0
+fD)(t — 1q) +j</>R>- (34)

The mixer output signal is obtained by mixing (24) and (34).
The corresponding signal can be expressed as Eq. (15).

E. FREQUENCY-SHIFT KEYING

The frequency of this type of modulation varies with discrete
values. The frequency of the FSK radar can be expressed as

Nitep — 1 — 2(nF mod Nvtep)
3 )

where f;.p is the frequency difference between two adjacent

frequency steps, Nyep is the number of total frequency steps,

and ny is the index of the step. The corresponding transmitted
signal can be expressed as

Jrsk () = fer = fstep (35)

St(t) = Ar exp <j27T <fc]

Nstep — 1 —2(nF mOsttep)
2

_fvtep ) t +j¢T> . (36)
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Then, the received interference signal can be expressed as

Nitep — 1—2(nF mod Nstep)
2

Sg(t) = Ar (28 <]27T (fc‘I _f:vtep

+fD) (t —1a) +j¢R)- (37

The mixer output signal is obtained by mixing (24) and (37).
The corresponding signal can be expressed as Eq. (16).
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