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AbstractTraditionally, point cloud representations or Doppler aerial vehicles and birds [23], [24]. Range-Doppler plots generated
spectrograms have been generated from short-range automotive radars from broadband radar data have also served as excellent features

for dynamic object detection and classication. In this work, we . B
propose using inverse synthetic aperture radar (ISAR) images obtained for target recognition [25]. Other works have used range-crossrange

from range compensated tuming targets for the classication of imag(_as ggnerated through synthetic aperture ra_dar (SAR) imaging for
different types of vehicles. We experimentally demonstrate that ISAR classi cation purposes [26] [28]. However, SAR images are typically

images of automotive targets provide rich features such as the more suited for classifying static targets since dynamic targets may
dimensions, trajectory, and the number of wheels of the vehicles gisiort the radar images. The alternative is to use antenna array

for classication. Additionally, we present a simulation framework rocessing for obtaining ne cross-range resolution. However. this
for generating large volumes of realistic ISAR images of automotive P Ing ining 9 ution. wever, i

targets at millimeter-wave frequencies for training classi ers. The model ~requires a large array with lots of antenna elements, and precise phase
incorporates radar scattering phenomenology of commonly found vehicles synchronization across the multiple channel data [29]. A third method
along with range-Doppler-based clutter and receiver noise. The model fgr gbtaining ne cross-range resolution is to use inverse synthetic

is experimentally validated with measurement data gathered from .o e radar (ISAR) processing of single-channel broadband data.
an automotive radar. The images from the simulation database are

subsequently classi ed using traditional machine leaming techniques and ~ When a dynamic target travels along a complex trajectory, the
deep neural networks based on transfer learning. We show that the ISAR target undergoes a combination of translational and rotational motion.

images offer a classi cation accuracy above 90% and are robust to both |f the translational motion of a target can be correctly estimated
noise and clutter. and compensated, then the Doppler dimension can be mapped to
Index Terms ISAR, classi cation, automotive radar, transfer learning, cross-range to obtain ISAR images [30]. The cross-range resolution
radar database is inversely proportional to the extent of the target aspect presented
to the radar during the rotational motion and the coherent processing

I. INTRODUCTION time interval. ISAR images, generated from range-Doppler plots of

ith th ; . . dgnamic targets, have been extensively researched over the last two
With the advent of advanced driver assistance systems (ADAQLcaqes - especially for the detection and classi cation of airborne

automotive radars are becoming increasingly common on cars {gFgets and ships [31] [34]. In the automotive target scenario, vehicles

improving road driving conditions. These radars are used for m“mpL'ﬁdergo complex turns, which can result in a large radar aspect.

applications such as automatic cruise control, pedestrian deteCtiQUrther, even while moving along a straight path, a slight offset
cross-traf ¢ alert, blind-spot detection, and parking assistance [ e target vehicular trajectory from the ego radar, can result
[2]. The main advantage of automotive radar over the camera {1 |56 radar aspects to get a ne cross-range resolution. Since
PbJeCt o!etecnon apd clas§| cation is that the radar can be operalgg,morive short-range radars are characterized by large bandwidths
in I_ow light conditions, rain, and fog. Secondly, th_ese Sensors % ove 2GHz) and high carrier frequencies (77GHz) that result
typically cheaper than cameras, and hence multlple of them GAN ne range and Doppler (or cross-range) resolution, they are
be mounted arpund the pe“PherV of the vehicle, u§L_|aIIy beh”ﬁ%rticularly suited for generating high-resolution ISAR images of
the bumpers. Finally, automotive radars operate at millimeter-waygycjes 1n ADAS systems, multiple auxiliary sensors (gyrometers,
frequencies with high bandwidths and spatially large _antenna arrayScelerometers, other radars) are deployed on the ego vehicle.
Hence, they offer an excellent range, Doppler, and azimuth resolutippe efore, the translational motion compensation of both the ego
[3]. Usually, in these systems, the raw radar data cube is processegdfiicie and target vehicle can usually be carried out without too much
provide a collection of point scatterers corresponding to both vehiclgg culty. More recently, ISAR images of ground-based targets have
and clutter with range, azimuth, elevation, and Doppler informatiog,, generated using turntable data [35], ground-based platforms
Direct object detection and classi cation based on this type of d 1, [37], and from airborne platforms [38]. However, these studies
can be challenging since it is dif cult to correctly cluster the poinf5ia heen restricted to very few targets. In our preliminary paper
scatterers are belonging to the same object [4], [5]. Instead, ragaiag) e showcased how these images provide detailed insights
images / signatures directly processed from raw radar data providfy the dimensions of vehicles and their trajectories. However, the

more effective features for automatic target recognition. images were idealized and free of corruption from noise and ground
Classi cation of radar targets for a variety of applications hagter.

been researched over the last few decades [6] [12]. Many differentq v contributions in this paper are as follows:

types of radar signatures have been studied. For example, radaf) \ve provide a detailed simulation framework to generate

mlcro-Dopp.Ier spe_ctrogramsz which are the joint time-frequency realistic ISAR images of automotive targets while incorporating
representations of time-domain narrowband radar data have proven to the effects of additive noise in the radar receiver and speckle

provide excellent features for classi cation. They have been used for noise due to ground clutter effects. The main objective is
distinguishing between different types of human activities [13] [18]_; to provide a simulation framework for rapidly generating

armed and una_rmed personnel [1_9]; ground vehicles and pedestrians large volumes of radar data without the cost and man-hours
[20] [22]; and different types of airborne targets such as unmanned involved in collecting measurement data. These data can be

N.P and S.S.R. are with the Indraprastha Institute of Information used for training deep neural networks, which have recently

Technology Delhi, New Delhi 110020 India. E-mail:fneerajp, emerged as the algorithm of choice for classifying radar
shobhag@iiitd.ac.in. images [14], [17], [27]. Secondly, the simulation framework
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can be integrated with software test beds for rapid prototyman be integrated into the radar waveform to obtain ISAR images.
development and validation. Finally, the simulation models cdfinally, we present the method to incorporate noise and clutter in the
be useful for understanding radar propagation phenomenologyages.

in the environment and pinpointing cause and effect. We

have considered ve commonly found targets - a full-sizen. Automotive Animation Model

car, a mid-size car, a four-wheel truck, a bicycle, and an
auto-rickshaw (tuk-tuk). We generate ISAR radar images %E
these targets performing different types of turns (right, Ief&

We imported freely available three-dimensional (3D) computer

ded design (CAD) modéisf the automotive targets into Blender

) . . oftware. Then, we rendered the metallic parts of the automotive into
and U-turn) as We”.e.ls following a straight trajgctory. triangular facets. An accurate rendering of the target capturing the

2) In_ r_eal-world conditions, there can be consple_rable CIUtt((:jlriversity of features on the chassis of the vehicle is realized by using
ansing f_rom th_e r_ough r°"’.‘d surface at mllllmeter-wav% large number of facets. In our work, the bicycle, and auto-rickshaw
frequencies, which is proportional to the radar coverage arkfe rendered with 3919 and 6949 facets, respectively; the mid-size

[40]. Hence, this range-based clutter cross-section iNCreases 1, size cars with 6905 and 19964 facets, respectively, while

with _radar range. Furthe_r, D_Oppler-based clutter can arise d truck is rendered with 7206 facets as shown in Fig.1. We have
to wind [41]. The combination of range and Doppler-base

clutter manifests as speckle noise and can signi cantly distort
the ISAR images. In this work, we have incorporated detailet
range-Doppler clutter as well as receiver noise in our rade !
models to simulate realistic radar images. With this papel 1
we release our database, consisting of over 30000 realist®
ISAR images, to the radar community at https://tinyurl.com/ “
msu6aj7y.

3) Third, we demonstrate that these images show detaile
information of the type of vehicle, its dimensions, the numbel
of wheels, and the trajectory followed by the vehicle. Further ¥
we have validated these simulated images with measureme
data gathered from Texas Instrument's AWR 1843 77GH:
automotive radar. s

4) Finally, most importantly, we demonstrate that the ISAR image | *
offer distinctive features for the classi cation of automotive *
targets - compared to traditional features like point clouc :

representations and Doppler spectrograms. To showcase 1

effectiveness of ISAR features, we have considered bot ° .

traditional machine learning algorithms such as support vectc T o yim)

machine (SVM) [42] and random forest (RF) [43] as well agig, 1: Three-dimensional automotive targets with triangular facets used

Alexnet and Googlenet, which are two transfer learning basest the simulation. (a) Auto-rickshaw (tuk-tuk), (b) full-sized car (c)

deep neural networks [44]. Our results show that the ISARicycle, (d) truck (e) mid-sized car

images are successfully classied by the machine learnin . . .
g y y c%n5|dered a four-way traf ¢ junction, where lanes from the north

algorithms (with a precision and recall above 90%). The de RI) south (S), east (E), and west (W) meet as shown in Fig2a. The
neural networks outperform the traditional machine learning ”’ ' ' ’

algorithms and are robust to noise and clutter.

The paper is organized as follows. In the Section Il , we present§
the simulation methodology for modeling the scattered signal radar @8
signals from the automotive targets, as well as the noise and clutte
models. Then we describe the radar signal processing algorithm:
for generating the ISAR images. In Section Ill, we present the
experimental set up for collecting measurement data for generating
ISAR images and present the measurement results. In Section V| #¥%
we present the classi cation results of the ve automotive targets [£#2
using four different machine learning-based algorithms - SVM, RF, %

Alexnet, and Googlenet. Finally, we conclude the paper with our nal )
remarks in Section V. (@) (b)
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Fig. 2: (a) Road geometry of four-way traf ¢ junction. (b) Trajectories
undertaken by the automotive target in a four-way junction - (i) Right
While several prior works have described simulation models ##rn, (i) Left turn, (iii) U-turn and (iv) Straight through.

pedestrians [45], [46], there are very few works that model automotiygets are assumed to stand on the XY ground plane which is aligned
vehicles along complex trajectories [47], [48]. These works haygih the N-S and E-W directions with the height along the Z-axis.
conned their scope to simulating high range resolution pro lespq ego radar is assumed to be static and xe@a0; 0:5)m along

and micro-Doppler spectrograms. In this section, we discuss g, south road. A total of 16 different trajectories are possible at this

simulation methodology for modeling the scattered radar signals f“][]hction. They are the four right turns (S to E, E to N, N to W, W
ve common automotive targets - bicycle, auto-rickshaw, mid-size

car, full-sized car, and truck. Then we describe how these modelghttps:/free3d.com/3d-models/

Il. SIMULATION METHODOLOGY
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to S), four left turns (S to W, Wto N, N to E, E to S), four U-turns Algorithm 1: Animation model of vehicle along desired
(Sto S, Eto E, Nto N, Wto W) and four straight through (S to N, trajectory
N to S, W to E, E to W) as shown in Fig2h.

Data: Fixed displacement vectors corresponding to facet

Next we describe the method for animating the vehicle along the
desired trajectory at a speci ed speed. We rst identify the center of

centroids on the chassis and wheels of the vehicle
(Frp;b=1: B)

the vehiclerc and x it at the starting position along a trajectory. ; yyith respect to the center of the vehicle: . Data: Specify

Then, we identify way points along the distance of the trajectory
such that the time taken for the vehicle’s center to travel between
any two way points is xed () as shown in Fig.3a. The sampling

way point positions for center of vehicle along
trajectory:¥c [f];f =1: F. Time duration between
two way points is xed (t ).

Result: Time-varying position coordinates of facet centroids
on vehicle &[f ;b=1: B;f =1: F)
2 Initialization: Initialize positions of all the facet centroids
to[l] = tc[1]+ Frp, b=1: B;

4

(b)
8

Fig. 3: Animation model of trajectory: (a) Way points along the trajectory
that will be traversed by the center of the vehicle; (b) wheels rotational

angle calculation. 10

time instants corresponding to these way points are indicated by
f =1;2; ;F. Therefore, the center of the vehicle undergoes
translational displacementr[f] = #c[f] +*c[f 1] ateachf. 11
The target is composed @ triangular facets where the centroid
of each facet isrp;b = 1 : B. Based on the rendering of the
vehicle, we obtain displacement vectof® () of these centroids 12

3 for f=2:F do

Compute displacement between two consecutive way
pointsrr[f]= #c[f] +#c[f 1];
Compute vehicle yaw rotationf ] =

if Facet centroids on chassteen

Perform Euler rotation on facet centroids
wlf]= Rpmlf 1] +r[fl;b=1:B;

else if Facet centroids on wheethen

Compute rotation of whee[f ]= LT[ wherer,,
is the radius of the wheel.;

Compute axis of wheel rotation which is
perpendicular to the plane de ned by height axis and
vehicle translational motion direction.;

Perform Euler rotation on facet centroids on wheel
based on wheel rotation axis
lf]= R pRpmf 1] + @ [f;b=1:B

yclfly clf 1 .
xclf1x clIf 1]

end

from the center of the vehicle. These displacement vectors are xed | else

with time since the chassis of the vehicle behaves as a rigid bady | end
(excepting the wheels). The vehicle must undergo rotational motigneng
along with translational motion. This rotational motion at each frame
f is described in terms of the yaw (rotation angle aboutzhaxis, s¥ ()= rect
b[f 1) which is computed from PRI
velf1 velf 1] with f¢ carrier frquency (aqd \{vavelength,) and a chirp_ rateK_. In _
er. Jeb - (1) the above expressionmect() indicates that the transmitting signal is
xclf] xclf 1] de ned for a pulse repetition interval G g, . We model the automotive
whereyc andxc arey andx coordinates of centriod. target as a collection of moving scattering centérs, 1 : B, located
The position of the facet centroid on the chassis of the vehicle is at the centroids of each of the facets on the vehicle. We only model the
_ ) re ections from the metallic surfaces of the automotive targets since the
folf 1= 0+ @ non-metallic surfaces are known to be poor re ectors [49], [50]. We have
whereR is the Euler rotation matrix for a yaw of. In the case of strictly considered scenarios where there are single targets in the images.
wheels, a facet centroid on the wheel undergoes additional rotation dufés is usually ensured in real world conditions through pre-processing
to the motion of the wheel. The angular displacement of the wheel @§ raw radar data before classi cation. In real world scenarios, single
proportional to the distance travelled by the wheel and the radius of tBannel source separation is applied on multiple targets and returns from
wheelr, as shown in each extended target with multiple scattering centers are isolated through
. . range gating and probabilistic association across the temporal history
= m; (8) of the data [30], [51], [52]. Since these algorithms are well known to
M'w the research community, they are not included in the manuscript due
The axis of this wheel rotation is obtained by the cross product of the space constraints. The time-varying range for each scattering center
direction of translational displacement and the height axis. The tofalr, = Rp + vpt, where Ry, is the starting distance from the radar.
displacement of a point on the wheel is The radar signal scattered back from a single point target is Doppler
_ . shifted byfp, = 2 due to the target's relative radial velocity,jwith
folf 1= o+ “) respect to the radar. The received radar signal, after downconversion to
whereR is the Euler rotation matrix corresponding to a pitch angléhe baseband, is written in terms of slow timend fast time, as

2

2l e dk % (5)

[f]=arctan

R [f ]‘I“b[f

[f 1

R 1R ytolf

of . The entire algorithm describing the animation motion modeling is
summarized in Algorithm.1.

B. Advanced Point Scatterer Signal Model

b
Teri (6)

2
b)+-

sy (;t) = ap(trect

4f ¢
C

N Rbgl 2f pytgK (

Automotive radars use linear frequency modulated (LFM) waveformshere ,(t) = % is the time delay to the target. In the equation
for the detection and tracking of targets. We consider a radar transmittisgove, denotes the additive noise that will be discussed in greater detail
an LFM waveform, in the following section. The strength of the received returns, denoted
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by ay, is obtained through the radar range equation by incorporating ttiee received signal is multiplied witdi K t 2(nn 0)?, whereng is the
transmitted power (P ), the gains of the transmitting (&) and receiving integer rounded from2 over every PRI. Thus, we obtain

radar antennas (&), the radar cross-section of each scatterering center Cat . ) .

( ) and the distance of the point scatterer from the radar, as shown i [n;m] = ap[mle! ~c Roe K {Mon p)7el 2M o, Ter

pix Gtx grx b 2
- - Ddec. (7)

4 )3f§ ’ We carefully compensate for the translational motion of the vehicle, and
y p

In (6) and (7), we have assumed stationary channel conditions and d"%lgly consider the rotational motion of_the point scatterer within a CPI.
Then, the rst two exponential terms in (10) are constant phase terms

path target returns without any type of multipath. The RCS of a a . . ) .
metallic triangular plate is a function of the radar aspect angji the and are absorbed into the amplitude during further processing. The last

plate area (4), and long dimension (J, [53], as shown in Fig. 4, and two terms show the variation of the two-dimensional (2D) signal over

10
el 4K {fn(non b);( )

a? =

@) slow and fast times, as shown in
gix : - j 2f DmepR| j 4Kt 2n(n0n b): 11
4A2co@ | sin? Z—Cdbsin b b [min] = ap()e € (11)
b= b~ 5 ) ya (8) The fast time sampling frequend¥s = 1=t) is obtained from twice
c Z-dpsin the stretch bandwidth which 82 X \where Rspan is much lower

han Rmax . Note that the stretch bandwidth is much lower than the
Qbar bandwidth (KFr, = 2Rm2K) Hence, the sampling frequency
requirements for stretch processing results in lower than that of the
ordinary matched ltering.

t
The aspect angle is computed from the dot product of the incident vec}

Incident ray When the target is an extended target with multiple point scatterers
. / (B), then the received signal is obtained by the sum of the returns from
Radar line each scatterer.

of sight
Normal « x » i~
S™ [m;n] = S{* [m; n]): (12)

0, =Aspect angle. b=1
1 = Wavelength. Here, we have ignored the multiple scattering between the different parts
d;, = Dimension along aspect angle. of the target. The output is processed using 2D Fourier transform to obtain
A, =Area of the triangular facets. range-Doppler ambiguity plots,

[f p;r]= DFT 2p fS ™ [m;n]g; (13)

Fig. 4: Radar cross section of at metallic triangular plate R
where the range dimension spansN steps fromRo —5%- to

1

from the radar to the plate and the normal vector of the plate. Sinﬁe + Rspan . ondf spansM steps from to 1 The
0 2 b SP P 2TpRI TPRI

p changes along the target trajectory, uctuates. Not all scattering 2D plot can also be interpreted as a range—crOSS(QfOCYZ]) provided

cEaners_ mayﬁbet v_|5|lt)Ie_ tol the rfldar.h %ne _methlod .Iﬁr mcotrﬁoratl(g] accurate estimate of the angular velocity ¢f the target is available,
shadowing €fiects 1S 1o implement a shadowing algorithm on € racg, .o 4nsjational motion has been compensated. We estinfatevery

data. However, since these algorithms utilize ray tracing methods, thay CPI by the change in yaw () of the vehicle as shown in

are computationally expensive, especially for spatially large dynanﬁc
objects such as automobiles at millimeter-wave frequencies. For example, P () B I (14)

a ray-tracing algorithm for a 4mm wavelength would require the rays to ' Tepi

be spaced one-tenth wavelength apart and emanate from an aperturefthal, the Doppler axis is converted to the cross-range axis by

is at least the size of the largest automotive target that we consider. In

our case, that would correspond to a truck8dd 2:6m  5m. Further, crml = fp[m —=;form=0:M 1: (15)
these computations would have to be repeated at the radar frame rate 2!

of several giga-Hertz as opposed to the video frame rates of compub®pending on! , the cross-range spans across images may vary even
animation algorithms typically used in vision. Instead, we opt for a lowhen the pixel dimensions of the plot remain unchanged.

complexity algorithm by introducing a Bernoulli's random variable,

to model a 20% visibility of each point scatterer [48]. The detailedABLE I: Automotive radar parameters for generating ISAR images
comparison (accuracy and computational complexity) of the ray tracing

and probalistic method is presented in the appendix. Parameters [ Values
The radar data is sampled at a frequencyFef= 1=t, and the fast Carrier frequency (2 fc) 77GHz
time samples are numbered fratn N . Similarly, if we consider g stretch Bandwidth {ﬁ) 8MHz
coherent processing interval (CPI) consisting/ofPRIs, then the discrete Sampling Frequency @ 5MHz
representation of (6) is Chirp rate (K) 60 102 HZ?
i Chirp duration (bR ) 83.33s
S [n;m] = ap[m]rect N Mo i 2Lery Coherent processing interval ¢#, ) 0.1s
9) Doppler resolution 10 Hz
el 2m oyTer Kt 2(n p)? L . Range resolution 0.075 m
Minimum cross-range resolution 0.19m
whereny, is the integer rounded from#. Transmitted power (P 25dBm

We process the received signal ussigetch processing, a variation of
matched Itering, which is especially suited for low sampling frequencies
[54]. The maximum unambiguous range of the rad&nax , is equal C. Noise and Range-Doppler Clutter Models
to <TERL__ For every CPI, we consider a radar range span of interest,in this section, we discuss how we incorporated ground-based clutter
Ro —5—:Ro+ RS% within Rmax WhereRy is called the central along the range and wind-based clutter along the Doppler dimensions
reference position (CRP). The time delay to e point scatterer can be along with additive noise in the time-domain data.
expressed as, = o+ p(t) where ¢ = 2RT° corresponds to the time  Ground clutter: For a rough surface, the clutter cross-section is
delay to the CRP. Since, the target motion is known, the CRP is choserptoportional to the surface clutter coef cient?, and the radar coverage
correspond to the mean range# in every CPI. In stretch processing,area. A stable component - due to static road conditions such as road
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material - and a uctuating component due to wind contribute fo doing a U-turn from W to W. The range span (Y-axis) in all the gures
[41], [55]: is 20m and is centered along the CRP corresponding to the speci c CPI.

o 0 The cross-range span (X-axis) in all of the gures may vary from 10m to

+ ; : (16) - ;

stable fluctuating 20m and is centered at Om. The cross-range axis correlates to the Doppler
We model © as an exponential random variable with a mean of -15d@is of [f p:r]. The noisy images on the left are of a dynamic range of
which corresponds to asphalt at millimeter-wave frequencies [41], [5610dB from 40 dBm to 90dBm. While, the images on the right are
The radar coverage area is proportional to the antenna beamwiggh)(  Of @ dynamic range of 80dB frord0 dBm to 120dBm.

grazing angle (), radar range resolution (= 2KTCPR. ) and range. We, rst, present the I_SAR images oftacyclein Fig.5. A_s mentioned
Therefore, ¢ is earlier, the images in Fig.5a correspond to the ISAR images corrupted
0 by noise, while the gures on the right correspond to the ISAR images
c= I'pw I Sec: (A7) corrupted by range-Doppler based clutter. The bicycle is a spatially

This results in a ground clutter that is a function of range as shown if@TOW target and hence appears as a cluster of very closely spaced
scattering centers, almost like a single-point scatterer. The dimensions

(18) of the target can be estimated from some of the images (for example,
sub- gure vi). The noisy images on the left show that at some range

itions, the target becomes dif cult to discern due to low returns from
the bicycle, especially when it is far from the radar. This is because of the

Doppler clutter: Based on [41], the power spectrum of the DopplePW RCS of the bicycle. The cluttered images on the right show strong

clutter can be modeled as a low pass lter response. When combirfégtter at DC (corresponding to Om along the cross-range). The width
with the range related clutter, we obtain of the Doppler spectrum and the strength of the clutter returns change

depending on the wind speed. The bicycle can still be discerned in some
of the images along with the micro-Doppler tracks due to its wheels
(sub- gures xi and xiv in (b)). Note that our model does not consider the
motion of the bicycle handlebars or rider’'s body, and hence those effects
cannot be observed in the images.

Next, we present the ISAR images of anto-rickshawin Fig.6. The
U+1)  2f ’ (20) images show that the auto-rickshaw is a spatially larger target than the
bicycle. The shape of the vehicle is triangular in the top-view. In fact,
in some of the top-view images (sub- gure vi), we can clearly see the
dimensions of the vehicle. We also see considerable distortions along
the Doppler (cross-range) dimension due to the micro-Doppler from the
. rotation of the wheels. Interestingly, in some images, we can see three
Based on local meteorological reports [SU, can vary from Om/S 0 yiqsinct micro-Doppler tracks from the three wheels (sub- gure xi in (b)).
1Qm/s. _We cor_15|der four possible wind speeds (:3;5; l_Om/s) INour on the top row, we observe that the longer dimension of the target’s top
simulations. Finally, we convert the power values obtained from (19) {Rew is oriented along the range dimension when the car moves from
voltage vglues for each range-Doppler pixel (.’C[f])‘ we multlply the N to S. In the second row, the target is rst oriented laterally and then
voltage with a phase modeled as a complex circularly symmetric randofs jength wise. This is because the target did a left turn from E to S.
variable ([f p ;r]). This complex clutter signal (cif:rlexp( [fo:rD)  gimilarly, in the third row, the target was rst oriented along the long
is then added to each pixel of the range-Doppler ISAR imalfes ;] irection and then along the lateral direction as the target moved from S
in (13). In this wor_k, we use rada_r parame_ters that closely correspondt(BoE Finally, in the last row, the target is always along the lateral direction
an ac_tual automotive radar and list them in Table.I. L since it does a U-turn from W to W. Therefore, the ISAR images offer

Noise: While clutter was modeled as a speckle noise in the radg{)me indication of the type of trajectory undertaken by a target.

images based on the above description, we modeled noise as an add't'\fgl ure.7 presents the results of the mid-size car. Since this is a larger
white GaussiamN (0; Np) in the time-domain radar returns in (6). Base(i1 gure./ p : 9
t

L - . : arget than the auto-rickshaw, the returns are stronger. We are able to
on our radar range equation in (7), the minimum received signal at the

vexFe the top view of the target with all four sides. Again, we observe

signal at the radar and the mean noise oor, we considered four differemt e micro-Doppler based distortions along the cross-range due to the

signal to noise ratio (SNR) scenarios froddB to +10dB in our mlcrko-DoppIk;er re‘“(;".s fLom tr;e fourwhezls.. Fou.r d'Sbtht mlcro-D%ppIer
simulations. tracks are observed in the sub- gure x and xi in Fig.7b. Again, we observe

In the next section, we experimentally demonstrate the validity of oIEF? longer dimension of the car oriented along the range dimension when

. - . : is moving from either N to S or S to N. But the longer dimension of
simulation framework by comparing the results with those generated fr%ne car is oriented along the lateral dimension when the car is moving
measurement data.

from E to W or vice versa.
The results in Fig.8, corresponding to thal-size car, look similar to

D. Database of Simulated Data those from the mid-size car in Fig.7, except for the larger dimensions of

We present examples of ISAR images of each of the targets below Fijg car in the top-view. The dimensions of the full-size car are 5.7m
5,6, 7, 8, and 9. For all ve automotive targets (bicycle, auto-rickshavid.4m whereas those of the mid-size car were 4.4rh.7m. The larger
mid-size car, full-size car, and truck), we present two sets of results. Ttagget also has stronger returns and is thus easily discerned in the images.
gures on the left show the ISAR images corrupted by additive noise iAgain, we are able to observe four distinct micro-Doppler tracks from the
the receiver data due to receiver electronics. We present the set of im&ges wheels in some of the images (sub- gures ix-xii in Fig.8b). Also,
corresponding to an SNR &f10dB . The gures on the right show the we are able to see the changes in the orientation of the images as the car
ISAR images corrupted by range-Doppler clutter that give rise to specklgdergoes turns along its trajectory.
noise. The clutter strength, in this scenario, is a function of the surfaceThe largest automotive target that we have considered i®thevheel
re ection coef cient of the road and the wind speed. We present guresuck, for which the results are presented in Fig.9. Due to its large size, the
corresponding to a wind speed of 2.5m/s. In all of the gures, each rawp-view obtained from the ISAR images clearly presents the dimensions
corresponds to images simulated for a distinct trajectory. The top rowdbthe target, which are 8.5m 2.6m. We are also able to observe the
obtained when the vehicle moves along an almost straight trajectory fratmanges in the target orientation along the four distinct trajectories. The
N to S; the second row shows the trajectory of a target taking a left tunmnicro-Doppler distortions are considerably greater in this case due to the
from E to S; the third row shows the trajectory of a target taking a rigtérge wheel radii, and four micro-Doppler tracks in sub- gures xi in Fig.9
turn from S to E; while the fourth row shows the trajectory of a targedre well resolved in this case.

Ptx Gtx G g 0 Bw I sec
(@ )23

We have maintained the radar at the height of 0.5m above the gro

from which the grazing angle can be computed for every range

Colr] =

fD s 1

Clfp;rl= Colr] 1+ (19)

wheres is a function of the average wind velocity Jlas shown in

_2(Uu+2) 100 %%

In (19), f p is the 3dB width of the spectrum and is given by

f p=1:23 32 s, (21)

c

2379-8858 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution reg]_uires IEEE permission. See http://www.ieee.org/publications standards/publications/rights/index,html for more information.
Authorized licensed use limited to: Indraprastha Institute of Information Technology. Downloaded on September 13,2022 at11:49:57 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/T1V.2022.3146639, IEEE
Transactions on Intelligent Vehicles

l-4° dBm l-ao dBm
-65 -80
I -90 dBm I-lZD dBm
Micro I -40 dBm l-40 dBm
Doppler due
to wheels
et . & 5 80
St I
L4m |
-90 dBm -120 dBm
I-40 dBm -40 dBm
-65 -80
I -90 dBm I-IZD dBm
l-40 dBm l-40 dBm

-65

I -90 dBm

|-80

I-lZO dBm

(b)

Fig. 5: ISAR images of dicycleof (a) +10dB SNR, (b) with range-Doppler clutter with wind velocity 2.5 m/s at CPI frames corresponding to 1.5,
2.5, 3.5, 4.5s along following trajectories: (i-iv) straight path from north to south, (v-viii) left turn from east to south (ix-xii) right turn from west

to south and (xiii-xvi) U-turn from west to west. The range span is 20m while the cross-range span varies from 10m to 20m. The dynamic range
for SNR is 50dB (-40dBm to -90dBm) and for clutter 80dB (-40dBm to -120dBm).
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Fig. 6: ISAR images of amuto-rickshawof (a) +10dB SNR (b) with range-Doppler clutter with wind velocity 2.5 m/s at CPI frames corresponding

to 1, 2, 3, 4s along following trajectories: (i-iv) straight path from north to south, (v-viii) left turn from east to south (ix-xii) right turn from south

to east and (xiii-xvi) U-turn from west to west. The range span is 20m while the cross-range span varies from 10m to 20m. The dynamic range for
SNR is 50dB (-40dBm to -90dBm) and for clutter 80dB (-40dBm to -120dBm).

(b)

We list the complete set of simulated ISAR images in Table.ll. Tsummarize, we have considered ve automotive targets - full-size car,
mid-size car, truck, auto-rickshaw, and bicycle. Each target undergoes

. Qi ; 16 trajectories, and each trajectory is of 5 seconds duration. Since each
TABLE II: Simulated ISAR image database CPI is 0.1 seconds, we obtain between 45 and 49 images from each
Type of images Types of | Trajectories Images Total trajectory. The resulting range and minimum cross-range resolution in
Targets #) per images the ISAR images ar6:075 0:19m respectively. We obtain 3750 clean
#) trajectories (#) images that are free of noise and clutter. Then we corrupt these images
[deal Images 5 16 745-49 3750 with additive white Gaussian noise in the time-domain to obtain noisy
Noisy images of| 5 16 45-49 14976 images with SNR ranging frons to +10dB resulting in 14976 noisy
SNR  (+10,+5,0,-5 images. Similarly, we introduce range-Doppler clutter with four different
dB) wind speeds (Yranging from 2.5 m/s to 10 m/s to obtain 14976 cluttered
Cluttered  Images| 5 16 45-49 14976 images. With this paper, we publicly release this data set to the research
with wind velocities community at https://tinyurl.com/msu6aj7yh.
(2.5,5,7.5,10 m/s)
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Fig. 7: ISAR images ofmid-size carof (a) +10dB SNR, (b) with range-Doppler clutter with wind velocity 2.5 m/s at CPI frames corresponding to
1, 2, 3, 4s along following trajectories: (i-iv) straight path from north to south,(v-viii) left turn from east to south (ix-xii) right turn from south to

east and (xiii-xvi) U-turn from west to west. The range span is 20m while the cross-range span varies from 10m to 20m. The dynamic range for
SNR is 50dB (-40dBm to -90dBm) and for clutter 80dB (-40dBm to -120dBm).
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Fig. 8: ISAR images ofull-size carof (a)+10dB SNR, (b) with range-Doppler clutter with wind velocity 2.5 m/s, at CPI frames corresponding to

1, 2, 3, 4s along following trajectories: (i-iv) straight path from north to south, (v-viii) left turn from east to south (ix-xii) right turn from south to
east and (xiii-xvi) U-turn from west to west. The range span is 20m while the cross-range span varies from 10m to 20m.The dynamic range for
SNR is 50dB (-40dBm to -90dBm) and for clutter 80dB (-40dBm to -120dBm).

I11. M EASUREMENT DATA Not all of these trajectories could be replicated in our institute premises.

The experimental set up for the measurements is shown in Fig.10. fi@nce, we considered ve trajectories as shown in Fig.11 - two straight
con gured the TI AWR-1843 radar to operate in an ultra-short range radépjectories, two right turn trajectories, and a left turn trajectory. These
(USRR) mode and the corresponding parameters are listed in Tablf3jectories are similar to the trajectories chosen for the simulation data.
The transmitted power from the radar is 14dBm, and the noise oor §f the two straight trajectories, the vehicles move along a straight path
the receiver is approximately -110dBm. We considered an auto-rickshH@Mm left to right and right to left at an average speed of 15 kmph as
(Fig.10a) of2:6ém 1:3m 1:7m dimensions, a bicycle (Fig.10b) of shown in Fig.11b. In the rst right turn trajectory, vehicles rst move
1:6m 0:5m 1:5m dimensions, and a mid-sized car - Honda Brid®" the straight path and then execute a right turn in front of the radar,
(Fig.10c) of 3:6m  1:7m  1:5m dimensions for the measurementWhe_reaS in the_ second right turn trajectory, the vehicle_s rst move on the
data collection. Note that these targets resemble the ones used inSi@ight path right to the radar and then execute a right turn as shown
simulations in terms of gross size. But the exact make and model are fbfig-11c at an average speed of 15 kmph. In the left tumn trajectory,
the same in both the scenarios. We could not carry out experiments wii§ vehicle rst move on the straight path and then execute a left turn as
the truck and large size car due to lack of availability of such targets $own in Fig.11d at an average speed of 15 kmph.
our premises. The simulation scenario considers 16 possible trajectoriede performed matched Itering along the fast time and Doppler
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Fig. 9: ISAR images ofruck of (a)+10dB SNR, (b) with range-Doppler clutter with wind velocity 2.5 m/s, at CPI frames corresponding to 1, 2,

3, 4s along following trajectories: (i-iv) straight path from north to south, (v-viii) left turn from east to south (ix-xii) right turn from south to east
and (xiii-xvi) U-turn from west to west. The range span is 20m while the cross-range span varies from 10m to 20m. The dynamic range for SNR
is 50dB (-40dBm to -90dBm) and for clutter 80dB (-40dBm to -120dBm).

processing along the slow time to obtain ISAR images of the target for
every CPI. We center the target in each measurement image by performing
coarse and ne range compensation based on [58]. The radar data is
carefully calibrated based on the radar range equation, and the dynamic
range of the images are xed from -40dBm to -120dBm. The ISAR
images of a bicycle moving on left turn trajectory are shown in Fig.12
(i-iv) at CPI frame corresponding to 1,2,3,4 seconds. The Fig. 12(v-viii)
are ISAR images of auto-rickshaw moving along the straight trajectory
at CPI frame corresponding the 1,2,3,4 seconds. The Fig. 12(ix-xii) are
the ISAR images of the car executing the straight trajectory at the CPI
frame corresponding to 1,2,3,4 seconds. These images show the top-view
dimensions of the vehicle along the range and cross-range dimensions
from which we can infer the size of the vehicle. Interestingly, in the
measurement results, we can observe the back of the car, which is not
shadowed entirely by the front of the vehicles in some time intervals.
We are able to see the obscured part of the vehicle due to the inherent
advantages of ISAR processing, wherein re ections from different aspect
angles get captured due to the relative rotational motion of the vehicle
Fig. 10: Experimental setup for gathering ISAR images of (ayith respectto the radar. Another interesting observation is that the movie
an auto-rickshaw undertaking a right turn trajectory, (b) a bicyclef the ISAR images provides insights on how the car is turning based
undertaking a straight trajectory, (c) a small sized car undertaking a left the orientation of the longer dimension of the car. In some frames,
turn along their trajectory (d) Radar hardware. we observe a large spread along the cross-range dimension due to the
micro-Dopplers arising due to the wheel motions. The strength of the
radar returns are also fairly comparable between the two sets of results.
We are also able to observe range based clutter in the measurement
results increasing with for higher values of range as observed in the
simulations. We also see Doppler-based clutter with the highest returns at
cross-range values close@m corresponding to static and low-frequency
clutter. Hence, there is, overall, a good qualitative agreement between
the measured and simulated images. Quantitative comparison is not made
since it was not possible to measure the exact clutter conditions in the real
data or replicate the identical targets and trajectories in the two scenarios.

IV. CLASSIFICATION RESULTS

In this section, we use classical machine learning techniques - support

Fig. 11: Experimental setup and trajectories for gathering ISAR imageswactor machine (SVM) and random forests (RF) - and more recent deep

(a) two straight trajectories before the radar, (b) two right turn trajectoriésarning algorithms based on transfer learning - Alexnet and Googlenet
before the radar, (c) a left turn trajectory before the radar. - for classifying the ve automotive targets on the basis of their ISAR

images. We will examine the impact of noise and clutter and the volume

of test and training data on the classi cation performance. We will present
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Fig. 12: ((i-iv) ISAR images of bicycle along the left turn trajectory at CPI frame corresponding to 1,2,3,4 s, (v-viii) ISAR images of auto-rickshaw
along the straight trajectory at CPI frame corresponding to 1,2,3,4 s, and (ix-xii) ISAR images of car along the straight trajectory trajectory at CPI
frame CPI frame corresponding to 1,2,3,4 s from measurement data. Range axis spans from 0 to 20m while the cross range axis spans -15 to +15m

the classi cation result using measurement data ISAR images as test data
for the classi er trained on the simulation data.

A. Effect of noise and clutter on classi cation performance

Based on Table.ll, of the total volume of 14976 images for different

SNR values, 70% are used for training and 30% for testing in the case of

SVM and RF. In the case of Alexnet and Googlenet, we split the 30% data

that are not used for training between validation and testing. The resulting

classi cation accuracy for different SNR values is shown in Fig.13a. We

rst observe that the classi cation accuracy for all algorithms is above

75% even for low SNR of5dB . The accuracy for SVM and RF are

signi cantly poorer than those obtained from Alexnet and Googlenet at @) (b)

low SNR (-5dB). The classi cation accuracy improves for all cases as the

SNR increases. The performances of Alexnet and Googlenet hold steggly 13: Classi cation accuracy of automotive target ISAR images

(above 80% for Googlenet and 90% for Alexnet) for all cases. using SVM, random Forest and transfer learning algorithms based on
We perform a similar study where we examine the effect of cluttgflexnet and Googlenet for (a) differing SNR values and (b) different

on the classi cation performance of the ISAR images. The clutter alofignge-Doppler clutter values. 70% data used for training and remaining
the range is modeled using a mean surface clutter coefcient. As tata used for validation and testing.

range increases, the area of coverage increases resulting in greater clytter. . .
Wind gives rise to Doppler based clutter along the cross-range dimens%ﬁmls)' The performance of th_e two tra_nsfer learning-based _algonthms
Higher wind velocities ) give rise to greater clutter. Again, we have exnet and Googlenet) remains consistent even for th_e h'.gh yalues
assumed a 70-30 split between training and test data for SVM and &chIutter. On the other hanq, we obgerve a _shght det_enorathn in the
and a 70-15-15 split between training, validation, and test for Alexngrrformance of the two classical machine learning techniques with higher

and Googlenet. We show the variation of the classi cation accura tter values. The results indicate that the ISAR images offer highly
with respect to mean wind velocity in Fig.13b. We observe that t scriminatory features for classi cation, even in the presence of high

classi cation performance for all the algorithms is fairly high (abov@Oise and clutter.
85%) even for high values of clutter arising from high wind speeds
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B. Effect of test and training percentages learning technique. Both classi ers are trained on simulation data. We

In Table.lll, we report the classi cation results for the four algorithms Use 99 images for each of the three automotive targets - bicycle,
SVM, RF, Alexnet, and Googlenet - for different percentages of traininguto-rickshaw and medium-sized car - as test images for the classi er
testing, and validation data. For each case, we have performed a 5-ffdformance e_valuatlon. In Table.V we present confusion matrices for
cross-validation. We rst consider the data that are just corrupted by noR@th the classi ers. For the SVM classi er, we observe that the least
(SNR varying from+10dB to 5dB ). Then we repeat the tests on dat£onfusion is for the bicycle because |t_|s sm_aller (in terms of spatial
that are just corrupted by only clutter (wind velocities varying from 2.6xtent) than the other targets. Confusion arises between the car and
to 10m/s). Finally, we repeat the tests on data that are corrupted by bBtio-rickshaw because of their comparable sizes. The performance of
noise and clutter. We observe that the performances for all the casestBfeAlexnet classi er is better than the SVM classi er and the confusion
above 87%. Since, the training data is very large; the algorithms perfoR@tween the auto-rickshaw and the mid-size car is reduced-Tseores
well even when the training and testing are split evenly. We do not sed04 SVM and Alexnet are 75.3 %, and 94.2% respectively. The results
signi cant improvement in the performance with an increase in trainingidicate that the simulated ISAR images are of high delity and can be
data. The transfer learning algorithms like Alexnet and Googlenet perfolied to train classi ers that can subsequently be used on real test data.
very well, even for low SNR and high clutter.

In the following section, we present the confusion matrices obtained V. CONCLUSION

from the classi cation of data combining both noise and clutter. These \ye have demonstrated an automotive radar simulation framework that
results are obtained using 70% training data. For each case, the r@W%porates radar scattering phenomenology of commonly found road
shOV\_/ t_he true labels of the data, vyhlle _columns show t_he Iabel_s of &hicles as well as range-based surface clutter and Doppler-based wind
predictions. We present three metrics with each confusion matrix. TheY,ier and additive receiver noise. Using this simulation framework, we
are precision, recall and theF, score. Precision is de ned as the ratiopaye demonstrated that high-resolution ISAR radar images, characterized
of the true positives (the highlighted number along the diagonal) oVg{, the ne range and cross-range resolution of dynamic automotive
the sum of the true positives and false positives (column sum); Whiggets, can be generated with millimeter-wave automotive radars. A
recall is de ned as the ratio of the true positives over the sum of the tr%ge database of over 30000 images has been publicly released to the
positives and false negatives (row sum). For each case, we also proyidgs; community. The simulation framework has been veri ed through

theF, score, which is de ned as the harmonic mean of average precisignerimental data gathered with a real automotive millimeter-wave radar

and average recall, from Texas Instruments. These images provide meaningful information
Fr=2 avg:precision  avg:recall about the dimensions of the vehicle along the top-view as well as the
1 avg:precision + avg:recall ' number of wheels and the trajectory undertaken by the vehicle in the

case of larger vehicles such as auto-rickshaws, cars, and trucks. Smaller

The rst confusion matrix is presented for the SVM in Table.lV. We

observe the least confusion for the truck. Due to its large dimensioﬁggets such as bicycles, on the other hand, more closely resemble

and strong returns, the truck is rarely mistaken for any of the Othglrngle-point scattergrs. These images _indicate the robustness O.f.ISAR
mages as automotive target classi cation features for both traditional

targets or vice versa. Similarly, the bicycle is very small and hend . - )
not easily confused with the other targets. However, due to its weraCh'”e learning techniques as well as the more recent deep neural

returns and small size, sometimes, the bicycle is not easily discernibl@ﬁtworkS'Due.to restrictions n jhe data collection f§C|I|t|es .W'thm the
noisy images. The two cars are often confused by each other due to !ﬂ%'t“te premises, we have I|m|tec_i our data coI_Iectlon to_ single target
similarity in their dimensions, the number of wheels, and their strength %}stanpishof eachh tart%et Clajsl' Th'z ma3k/ be sa?s_f:lactotry ('jn tgeHcases of
returns. The mid-size car, especially, has the lowest precision and re@éﬂcl‘hr'c ts aw Wf ereh_ Ie m?hes an n;)a es arte e:jl_ry stanaard. hO\;veve:,
because it is most similar to both the full-size car and the auto-ricksha{\'/}l.0 er ypes of venicles, theré may be greater versity in each targe
The F; score for SVM is 88.6%. class. The testing of the classi ers on multiple instances of the same

We observe a similar result for the RF classi er in the second matrf29€t class will form the fpcus of future works. . .
in Table.IV. Again, the best precision and recall are observed for the”S0: note that the speci c problem addressed in the paper falls in the

large truck and the small bicycle. The results of the bicycle are slight tegory of superwsed learning - Wh_ere the classi ers are trained with
worse than the truck because of its weak returns, which get affected wil a from speci ¢ tar_gets and te_sted_wnh data from the same set of targets.
the noise oor is high. Again, the two cars are confused by each othéd real world scenarios - especially in automotive radar settings - we may

However, this time, the results for the full-size car have signi cantl ncounter new targets that may have previously not been seen during

improved while those of the mid-size car have only slightly improve raining. Such problems would fall under the category of unsupervised

There is a noticeable improvement in the performance of the Alex gtarning. The explorati_on of new and _better algorithms for handling the
classi er, compared to the traditional machine learning algorithms fdfnknown radar data will form the basis of our future work.

all cases, as reported in the third matrix in Table.lV. Here, both the

precision and recall for all the cases are above 95%. Thus the two cars VI. APPENDIX

are no Ionger signi cantly.con_fused by each other. The_confusion betwegn Study of effects of shadowing on radar signatures

the auto-rickshaw and mid-size car has also substantially decreased. The

same improvement is also observed for the Googlenet classi er as seel dn i(c)i:rntsi Imglastg):ttgr]i(r)] del(,:evxftserre:to It\r/1ee tzgntt?g?detc;fn?ag;]aggutlhaé ffaa((::ittss
in the fourth matrix in Table.IV. Again, the accuracy is above 95% f hen we sti/m the returng from all the facets to compute the time domaiﬁ
all ve cases, both precision and recall. ThRe scores for RF, Alexnet, p

and Googlenet are 92%, 98.1%, and 97.6%, respectively. Note that in'gffar returns. Naturally, some of t.h.es.‘? facets would not be visiblg to
of the cases discussed above, we use only a single target instancet (rae'racrllarr du::‘r to_r?ha(i'owmg. rTrlﬁ V'S'rb'“ty Of. a fa(rfft (;a? t?]e I?etermlnled
class. The limitation is due to the limited availability of open data o ough ray tracing. However, Iné process 1S computationally complex

Qd scales both with the carrier frequency and sampling frequency of

computer animated models of vehicles provided by their manufacturef! radar data. To compare the computational complexity. the ray tracin
The diversity is incorporated by varying the trajectories, speeds, noi E 19 ' P pu piexity, the ray 9
orithm (based on the surface normals of the facets) was implemented

and clutter conditions in the radar data. More robust classi cation test .
with multiple instances from the same class will be presented in futufe @ Intel(R) Xeon(R) CPU E5'262.0 V3 processor running at 2'4(.) GHz
studies. using 16 GB pf RAM. T_he duration of (_1ata collection for a_smgle
frame (shown in Fig.14(vi)) was 179.33 minutes. The computation time
. . . . . . ._of ray tracing algorithm using advanced GPU reduces signi cantly, but
C. Testing measured data with classiers trained with simulatioghe cost of the system increases which makes the technique challenging
data for generating large volumes of data [45]. Instead, we incorporate
We present the classi cation results of two classi ers - SVM based Bernoulli's random variable § to account for the visibility. The
on classical machine learning and Alexnet transfer learning-based deemputational time for generating the ISAR image using the probabilistic

(22)
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TABLE llI: Classi cation of ISAR images using classical machine learning algorithms - SVM and random forest, and deep learning based

Transactions on Intelligent Vehicles

Classier | Training (%) | Testing (%) | Validation (%) | SNR | Range-Doppler Clutterf Combined
70 30 - 92.4 93.8 88.6
SVM 60 40 - 92.2 93.7 88.1
50 50 - 92.3 93.3 87.7
70 30 - 90.9 93.3 91.9
Random 60 40 i 90.6 932 91.9
50 50 - 90.9 92 90.8
70 15 15 96.7 99.9 98.1
Alexnet 60 20 20 96.4 99.4 98.1
50 25 25 95.5 97.7 97.3
70 15 15 95.9 99.2 97.6
Googlenet 60 20 20 94.7 99.2 97.3
50 25 25 94.4 98.6 97.2

algorithms - Alexnet and Googlenet

TABLE 1V: Confusion matrices from SVM, RF, Alexnet and GoogleNet classi ers based on 70% training, 15% validation and 15% test

data.

TABLE V: Confusion matrices from SVM and Alexnet and GoogleNet classi ers, trained with simulation data and test with measured data.
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[ sW ] Predicted Labels
Vehicle Auto-rickshaw | Bicycle | Full size car | Mid size car | Truck | Recall
Auto-rickshaw iﬁ
Bicycle 24
e Full size car 48 39
Mid size car 111 112
Truck 14 2
Precision 89.4 91.5
[ RFE ] Predicted Labels
Vehicle Auto-rickshaw | Bicycle | Full size car| Mid size car | Truck | Recall
Auto-rickshaw d& 13 96 0 932
Bicycle 4 11 63 2 95.6
True Full size car 29 34 _ 7 88.0
Labels Mid size car 65 130 67 2 85.6
Truck 3 4 24 97.2
Precision 94.3 90.4 93.2 83.0
[ Alexnet | Predicted Labels
Vehicle Auto-rickshaw | Bicycle | Full size car | Mid size car | Truck | Recall
Auto-rickshaw 1 0 2 0 99.7
Bicycle 0 1 1 0 99.8
True Full size car 3 1 _ 14 5 97.4
Labels Mid size car 5 40 5 0 94.4
Truck 2 0 4 0 99.3
Precision 98.9 95.5 98.9 98.0
[ Googlenet] Predicted Labels
Vehicle Auto-rickshaw | Bicycle | Full size car | Mid size car | Truck | Recall
Auto-rickshaw 0 8
Bicycle 0 0
True Full size car 0 3 _
Labels Mid size car 0 37 2
Truck 0 0 8
Precision 100 95.7 98.0

_ Predicted Labels
Vehicle Auto-rickshaw | Bicycle | Full size car| Mid size car | Truck | Recall
Auto-rickshaw 22 0 2 0 76.0
True Bicycle 4 92 0 4 0 93.9
Labels Ft_jll size car 0 0 0 0 -
Mid size car 22 25 1 2 51.0
Truck 0 0 0 0 -
Precision 75.5 66.2 - 89.3 -
[ Alexnet | Predicted Labels
Vehicle Auto-rickshaw | Bicycle | Full size car| Mid size car | Truck | Recall
Auto-rickshaw 0 0 18 1 80.8
Bicycle 0 99 0 0 0 100
True Full size car 0 0 0 0 -
Labels Mid size car 0 0 0 0 100
Truck 0 0 0 0 -
Precision 100 100 - 84.6 -
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method was a few seconds. To study the effectiveness/accuracy of tljii§ H.-C. Chiang, R. L. Moses, and L. C. Potter, Model-based classi cation
probabilistic approach, we compare the ISAR signature results with that of radar images, [EEE Transactions on Information Theory, vol. 46,
obtained from ray tracing in Fig.14. The rst ve sub gures show the

no. 5, pp. 1842 1854, 2000.

] 1. Bilik, J. Tabrikian, and A. Cohen, Gmm-based target classi cation

9

—

(10]

(11]

Fig. 14: (i-v) ISAR images of auto-rickshaw for the same CPI framf2]
using Bernoulli's random variable with visibility of 60 %, 50%, 40 %,
30%, 20 % respectively. (vi) is the ray tracing algorithm ISAR images
of auto rickshaw for the same CPI frame. The range axis spans from18!
to 20m while the cross-range axis spans -15 to +15m.

ISAR images of the auto-rickshaw with visibility of xed at 60%, 50%,

[14]

40%, 30%, and 20% respectively, and (vi) is the ISAR image of the same
frame using ray tracing. We observe in the result from ray tracing, that the
nearer portions of the target are more distinctive than the distant portions
though they are somewhat visible. Visually, the image with 20% visibilit{15]
resembles the ray tracing result most closely. Quantitatively, we compare
the results using two metrics - the structural similarity index measure
(SSIM) and the normalized mean square error (NMSE) - and present o)
Table.VI. The SSIM compares gross features like luminosity and contrast
between two images while NMSE does pixel-wise comparison. The table

TABLE VI: Structural similarity index measure (SSIM) in ISAR

(17]

images generated using ray tracing and Bernoulli random variable

% of facets visible] SSIM [ NSME [18]
60 1 0.8636
50 1 0.4470
40 1 0.4337
30 1 0.3465
20 1 0.3411 [19]

shows that the SSIM is high for all ve cases but the NMSE is lowest
for a visibility of 20%. Further, in the ISAR images generated using
the measurement data in Fig.12, we observe that some of the obscypell R. Prophet, M. Hoffmann, A. Ossowska, W. Malik, C. Sturm, and
parts of the vehicle are not fully shadowed. Due to these reasons, we use M. Vossiek, Pedestrian classi cation for 79 ghz automotive radar

the approximate and less computationally expensive probabilistic method, systems, in2018 IEEE Intelligent Vehicles Symposium (IV).

with a visibility coef cient of 20%, to account for the shadowing effect

in place of the ray tracing algorithm.

(21]
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