
RFCM FOR DATA ASSOCIATION AND MULTITARGET TRACKING USING 3D RADAR

Chun-Nien Chan and Carrson C. Fung

Dept. of Electronics Engineering, National Chiao Tung University, Hsinchu, 300 Taiwan

ABSTRACT

Performance of object classification using 3D automotive
radar relies on accurate data association and multitarget track-
ing, which are greatly affected by data bias and proximity of
objects to each other. A regularized fuzzy c-means (RFCM)
algorithm is proposed herein to resolve the data association
uncertainty problem that has shown to outperform the con-
ventional FCM algorithm. The proposed method exploits
results from the companion tracker to increase performance
robustness. Simulation results using simulated and field data
have proven the efficacy of the proposed method.

Index Terms— Autonomous driving, ADAS, data asso-
ciation, multitarget tracking, regularized fuzzy c-means

1. INTRODUCTION

Autonomous driving technology has long been pursued by
robotics and machine learning researchers. Despite the cur-
rent thrust toward using video and LiDAR signals to perform
tracking, mapping, and classification, automotive radar re-
mains a crucial part of an overall automotive system due to
its extensive range and ability to accurately detect objects in
unfavorable weather conditions. Unfortunately, its low res-
olution precludes its use beyond basic detection. Recently,
a 3D 79 GHz radar is capable of capturing detail informa-
tion about vehicular objects which can provide detail features
about the object-of-interest such as cycle number, received
signal power, range, azimuth and elevation angle, and radial
velocity. Initial simulations have shown promising results in
terms of using it for object classification. However, solving
the data association uncertainty and subsequent multitarget
tracking problems [1, 2] are crucial before such a system can
be deployed for object classification. The main challenge is
to estimate the state of unknown and time-varying number of
targets from a set of noisy and uncertain observations.

Data association uncertainty arises when remote sensors
such as radar output measurements whose origin is uncer-
tain and not necessarily originated from the object-of-interest.
Using such measurements in tracking will lead to track loss.
Several strategies have been proposed in literature to tackle
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this problem, such as Nearest Neighbor (NN) [3], Joint Prob-
abilistic Data Association (JPDA) [4–6], and deep learning
methods [7]. NN technique is computational efficient but not
suitable for intensive multitarget scenario. The JPDA is con-
sidered ideal in a cluttered environment but the increase in
computational complexity when the number of detected tar-
gets increases is not affordable for practical usage in low-
cost embedded systems such as ADAS. Deep learning based
methods have been actively pursued recently in the field of
multitarget tracking (MTT) due to its superior performance
over traditional techniques such as extended Kalman filter-
ing (EKF). However, the lack of a systematic way to choose
a proper deep learning model and the need to estimate large
number of parameters, which requires vast amount of training
data and time, pose a serious obstacle for designers. Recently,
improved fuzzy cluster means (FCM) algorithm based meth-
ods [8–10] have been proposed for MTT in wireless sensor
network. Its computational efficiency makes it an attractive
alternative to optimized methods such as JPDA.

A regularized FCM (RFCM) method is proposed herein
for solving the data association uncertainty problem for the
3D 79 GHz radar. The proposed method attempts to allevi-
ate this problem by taking the interaction between targets into
account and correct the estimation of state in the tracking al-
gorithm in a sequential manner. This results in a model data-
driven based joint data association and MTT algorithm which
enables objects that are close in proximity in one or several
cycles to be segmented and tracked, which the FCM fails to
do.

Notations: Upper (lower) bold face letters indicate ma-
trices (column vectors). Superscript H denotes Hermitian, T

denotes transposition. Diag(a) creates an N × N diagonal
matrix using the elements of a ∈ C

N . ‖·‖2 denotes �2 norm.

2. FCM ALGORITHM AND MTT

2.1. Conventional FCM

The FCM [11] is one of the most popular algorithms for clus-
ter analysis. FCM focuses on obtaining a fuzzy c-partition
for the given data set by minimizing an objective function.
The FCM algorithm is particularly suitable for segmenting
noisy data because of the incorporation of probability mea-
sure called membership function which makes the clustering
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more robust.
The FCM algorithm attempts to find C cluster centroids

that can optimally represent N data points xi (in the context
of the 3D radar, xi can consists of features [xi yi vxi vy,i]

T

described in Sec. 2.2), for i = 1, . . . , N by iteratively solving

min
ci

N∑
j=1

C∑
i=1

um
i,jd

2
i,j , (1)

with d2i,j � ‖xj − ci‖22 and ci as the centroid. ui,j =
1

∑
C
k=1(

di,j
dk,j )

2
m−1

denotes the membership function that is fixed

when solving (1) and is obtained in an iterative manner after
(1) has been solved. It is clear that ui,j is an inverse prob-
ability measuring the likelihood of the jth data point being
associated with the ith centroid obtained in the previous itera-
tion. This allows clustering results from previous iteration to
influence current results to lessen the effect of data bias in the
current iteration. m > 1 is a weighting factor controlling the
cluster fuzziness. Since (1) is a convex problem, the solution

can easily be obtained in closed form as ĉi =
∑n

j=1 um
i,jxj

∑n
j=1 um

i,j
.

2.2. Tracking with FCM

In MTT, since the number of objects is unknown, the pro-
posed method uses the density-based spatial clustering of ap-
plications with noise, or DBSCAN [12], algorithm to obtain
initial C clusters at initial cycle t using the location and ve-
locity feature, with respect to the horizontal axis x and y. As-
sume there are N points in the current cycle t, the jth feature

vector for the jth data point becomes
[
xj yj vxj vy,j

]T
, for

j = 1, 2, . . . , N , where xj and yj denote the x and y coor-
dinate of the jth data point, and vx,j and vyj denote the x
and y components of the radial velocity, respectively, of the
jth data point. Assuming the DBSCAN algorithm outputs C
number of centroids, denoted as ĉi(t) � [xi yi vxi vy,i]

T ,
for i = 1, 2, . . . , C, it is then used as input state vector and
observation (xi, yi only) for the EKF to obtain path informa-
tion about each of the ith centroids (objects). The results of

the EKF, denoted as cpi (t) �
[
xp
i ypi vpxi

vpy,i
]T

, shall then
be used as initial centroids for the RFCM algorithm (Sec. 3)
to determine the new centroids ĉi(t+1) in the next cycle t+1.

When objects are relatively close to each other, it is con-
ceivable that their point clouds will overlap, making it diffi-
cult for the FCM algorithm to generate accurate membership.
The RFCM described in the next section is proposed to fur-
ther enhance segmentation performance.

3. REGULARIZED FCM

Figs. 1 shows that when objects are close to each other, the
point clouds of different objects will overlap. Incorporat-
ing the proposed RFCM into the association algorithm can

greatly mitigate this problem since the RFCM, as compared
to the conventional FCM, contains two additional regulariza-
tion terms in its design formulation which exploit the result
from the tracking algorithm so that the proposed RFCM algo-
rithm can properly trade off between trusting the (noisy) data
and result predicted by the EKF in determining the centroid.
Precisely speaking, the RFCM attempts to find the optimal ith
centroid, ĉi, for the jth point xj by solving

min
ci

N∑
j=1

(
C∑
i=1

um
i,jd

2
i,j −

f1
C − 1

C∑
k=1

k �=i

‖ci − cpk‖22
‖cpi − cpk‖22

+ f2(di)‖ci − cpi ‖22
)
,

(2)

where cpi and cpk are the cluster center for the ith and kth ob-
ject, respectively, obtained from the EKF; f1 and f2(di) are
regularization parameters; the latter of which is a function of
the distance di between the radar and the ith predicted cen-
troid cpi . The inclusion of the second term in (2) allows the
RFCM algorithm to design ĉi such that it is not close to cpk .
Similarly, the third term in (2) allows ĉi to be attracted to cpi ,
that is, favoring the result from the EKF. In other words, these
two terms allow the EKF to impose some influence on the de-
termination of ĉi so that in case xj for j = 1, . . . , N are noisy
or close to each other so that point clouds belonging to differ-
ent objects overlap, the RFCM can offer additional robustness
so that points are not incorrectly assigned.
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(a) Points of 2 objects.
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(b) Point clouds overlap.

Fig. 1. Point clouds overlap when two objects are close to
each other. Area circled in green in Fig. 1(a) is enlarged in
Fig. 1(b).

Unfortunately (2) is non-convex, but it can be reformu-
lated into a convex problem as

min
ci

N∑
j=1

(
C∑
i=1

um
i,jd

2
i,j +

f1
C − 1

C∑
k=1

k �=i

‖ci − cpi,k‖22
‖cpi − cpk‖22

+ f2(di)‖ci − cpi ‖22
)
,

(3)

where cpi,k = (cpi−cpk)+cpi defines the mirror point of cp
k with

respect to cpi as illustrated in Fig. 2 assuming the centroids are
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two dimensional. Hence, the new formulation of the RFCM
encourages ci to be closer to the mirror point cp

i,k.

,
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Mirror point of p
kc

Fig. 2. Mirror point cpi,k of cpk with respect to cpi (the mirror).

The normalization factor ‖cp
i − cpk‖22 in (3) is needed be-

cause when there are multiple objects that need to be clus-
tered, as illustrated in Fig. 3 where C = 3, if the normaliza-
tion factor is not included, then ci will be drawn closer to the
mirror point cpi,� as ‖ci−cpi,�‖2 > ‖ci−cpi,k‖2. However, this
will bring ci closer to cpk, which is undesirable. If the normal-
ization factor is included, since ‖cp

i − cpi,k‖2 < ‖cpi − cpi,�‖2,
then ci will now be drawn closer to cpi,k . Even though ci will
be closer to cp� , since cp� is further away, there will be no col-
lision between the cluster as in the previous case.
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Fig. 3. Influence of ‖cpi − cpi,k‖2 and ‖cpi − cpi,�‖2.

Since the accuracy of the EKF hinges on N , as di in-
creases, N will decrease, thus adversely affecting the accu-
racy of the EKF. Hence, f1 and f2(di) should be a function
of di. Since the importance of the regularization terms in (3)
are relative to each other, initial simulations have shown that
good results can be obtained when only one of the parameters
is a function of di. Therefore, f1 is chosen to be a constant
that needs to be manually tuned and f2(di) = α · d, with α
being a parameter that also requires fine tuning.

ĉi can be found analytically by differentiating (3) and set-
ting the result to zero, so that

ĉi =

∑N
j=1 u

m
i,jxj +

f1
C−1

∑C
k=1

k �=j

cpi,k
‖cpi −cpk‖2

2
+ f2(di)c

p
i∑N

j=1 u
m
i,j +

f1
C−1

∑C
k=1

k �=j

1
‖cpi −cpk‖2

2
+ f2(di)

.

(4)

4. SIMULATION RESULTS

Due to the lack of ground truth data, simulations were
carried out using both simulated and field data from the

3D radar. All tracking results are generated using the
EKF [13, pp. 449]. The process noise covariance matrix
Q = Diag([0, 0, 0.0001, 0.0001]) and the observation noise
covariance matrix C = Diag([0.01, 0.005]), and m = 3 for
the (R)FCM.

Fig. 4 shows the clustering and tracking result for sim-
ulated data using the conventional FCM and the proposed
RFCM methods. The simulation attempts to cluster and track
two objects (two cars) initially located at y = 0 moving away
from the radar. In the simulation, the paths of the two vehi-
cles follow the shape of a cosine function, and will be closest
to each other at cycle number (time) 415. Comparing Figs.
4(b) with 4(c), which show only one instance of the exper-
iment, the RFCM is able to sustain proper tracking of the
objects while the FCM provided incorrect tracks after cycle
415. The result is quantified by measuring the mean-squared
error (MSE) vs. the cycle number. The MSE at cycle t is
computed as MSE(t) = 1

M

∑M
m=1

∑C
i=1 ‖bi(t) − b̂i(t)‖22,

where bi(t) and b̂i(t) contain the first two elements of ci(t)
and ĉi(t), respectively, with ci(t) denoting the actual centroid
at the tth cycle. M = 500 denotes the number of Monte Carlo
trials. As the MSE results in Fig. 5 have shown, the RFCM
performs almost identically with the FCM at the first 400 to
500 cycles, i.e. when the objects are relatively close to the
radar. After that, the RFCM starts to dramatically outperform
the FCM because the latter is more sensitive to error due to
increases in the point cloud radius. The increase in MSE as d i

increases can be attributed to the fact that the predicted paths
of the two objects can cross (similar to the behavior observed
in Fig. 4(b)), with less occurrences for the RFCM.

Fig. 6 shows the results of using the association algorithm
with conventional FCM and the proposed RFCM method to
segment and track two objects-of-interest, a pedestrian and a
car moving side by side, using actual field data collected using
the 3D radar. As depicted in the figure, there are numerous
tracks because of reflected signal from other non-object-of-
interest. The FCM and RFCM were initialized by computing
the ideal centroid, similar to the results shown in Fig. 4. A
third graph is added using the DBSCAN and RFCM algo-
rithm. ε and minimum number of neighbors are parameters
used in the DBSCAN algorithm. Comparing Fig. 6(a) with
6(b), the RFCM is better able to track objects stably. Unfortu-
nately, using the DBSCAN algorithm to initialize the clusters,
it is only possible to track one object because the RFCM treats
both the pedestrian and car as one object. This is because the
point cloud of the two objects dramatically overlap at the be-
ginning few cycles so that there is no way to distinguish two
objects as di increases, even if the point cloud of the two ob-
jects become further apart. This can be amended by initiating
DBSCAN at every cycle so that new cluster can be identified
at every cycle.
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(a) Simulated point clouds of two different ob-
jects.
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(b) FCM for data shown in Fig. 4(a).
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(c) RFCM for data shown in Fig. 4(a).f1 =
0.6 and α = 0.003.

Fig. 4. Clustering and tracking result of simulated curve data. Green line in all figures indicate actual paths of the objects (2
cars). Red line in Figs. 4(b) and 4(c) indicates the predicted path for the objects on the left, and blue line for the object on
the right. The radar is located at x = y = 0. The two objects move from y = 0 upward away from the radar, and travel a
cosine-like path.
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Fig. 5. MSE vs. cycle time results of clustering and tracking result for simulated curve data shown in Fig. 4 using different
parameter values for the RFCM.
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(b) RFCM.
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(c) DBSCAN initialization with RFCM.

Fig. 6. Clustering and tracking result for actual field data. Objects-of-interest consist of a car and pedestrian moving side by
side. f1 = 0.25 and α = 0.009 for the RFCM. ε = 1.5 and minimum number of points = 3 for the DBSCAN.

5. CONCLUSION

A RFCM algorithm is proposed herein to solve the data as-
sociation uncertainty problem for 3D radar, with the ultimate
goal of achieving object classification for autonomous driv-

ing. The proposed RFCM method is able to outperform the
conventional FCM method in improving data association per-
formance, which leads to improved tracking performance us-
ing the EKF. Simulation results using simulated and field data
have proven the efficacy of the proposed method.
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