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Abstract—Multiple target tracking (MTT) in the presence
of false alarms (effect of clutter) and miss detections has
always been a hot topic for research in a radar system.
However, there is a shortage of literature describing the complex
working and components of the MTT algorithm, especially in
an indoor environment. Hence, this paper proposes a unique
implementation of the MTT algorithm. The various features
that make the working of the MTT algorithm possible are
compiled in one place and thoroughly discussed. The developed
MTT algorithm is validated for all potential challenges in
an indoor scene, making the developed MTT algorithm more
appealing to be used in practice. Further, extensive computer
simulations with real and simulated measurements validate the
working of the designed MTT algorithm. Lastly, the developed
MTT algorithm is also used for people counting in an indoor
environment, which has a shortage in the existing literature.

I. INTRODUCTION

With the rapid increase in the demand for surveillance and
monitoring of indoor scenes using radar sensors, tracking
multiple targets in a complex environment (in the presence
of clutter and blind spots) has become challenging [1]. The
monitoring of indoor scenes could include surveillance of
physically challenged people and the elderly. In literature,
a family of solutions collectively known as multiple target
tracking (MTT) algorithms are considered [2], [3]. To deal
with multiple targets, particularly in false alarms, data asso-
ciation is the crucial component of the MTT algorithm [4],
which filters the measurements from the targets of interest,
thereby discarding the false alarms. Also, the data associ-
ation assigns the new measurements to appropriate tracks.
Subsequently, the Kalman filter [5] utilizes the assigned
measurements to update the states of the tracks and predict
the value of future measurements. For the association of
measurements (sorting the measurements in the presence of
false alarms), the literature suggests the nearest neighbor
(NN) [6], global nearest neighbor (GNN) [2], and joint
probabilistic data association (JPDA) [7] algorithm. While
the NN and GNN are similar, GNN guarantees a global
solution utilizing the Munkres algorithm [8]. The JPDA is
the most advanced method for data association as it considers
the probabilities and hypothesis testing. Although advanced
data association techniques exist, until high precision is not
required, the literature suggests using NN due to its simplicity
and ease of deploy-ability [3].

In addition to utilizing different criteria, the concept of a
validation gate is common in all data association algorithms.
The validation gate acts as a filter to sort the targets’ mea-
surements from the spurious measurements. Even though data
association is an essential component of the MTT algorithm,
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initialization, confirmation, and deletion of tracks are equally
essential. The initialization, confirmation, and deletion of
tracks in the combine are called track maintenance. How-
ever, most of the existing literature on MTT algorithms
stops short of providing a complete working model from
measurement to tracks, especially in an indoor environment.
Therefore, to compile the entire work of the MTT algorithm
in one place, a comprehensive implementation of the MTT
algorithm is proposed in this paper. Moreover, the paper
describes every component of the developed MTT algorithm
in detail. These components have been designed considering
the particularities of the indoor scene. For instance, the
developed MTT algorithm is capable of dealing with the
following justified challenges amid indoor environment and
radar sensor irregularities:

1) The random number of the targets in the scene.

2) The time the targets enter in the scene and leave is
entirely random.

3) The targets maneuver with random trajectories.

4) The radar sensor misses the targets detections (because
of the limited field of view (FOV) of a radar sensor or
targets’ fluctuating RCS).

It is worth mentioning that rather introducing a new data
association algorithm, this work aims to compile the different
aspects of the MTT algorithm in one place via a novel imple-
mentation. Further, apart from data association, to deal with
the indoor challenges mentioned above, more importantly for
1) and 2), initialization, confirmation, and deletion of tracks
require extreme attention, notably in the presence of clutter.
The presence of clutter in an indoor environment is inevitable
because of the various static objects like chairs, tables, doors,
and walls. Hence, in this paper, targeting the challenges in
harsh indoor scenes, we cover all the key factors that enable
the working of the MTT algorithm possible.

The first step of the developed MTT algorithm is data
association, for which a popular NN algorithm is used.
The measurements under a validation gate are subsequently
assigned to the existing tracks during data association and
used to update the tracks utilizing the Kalman filter. Further,
the DBSCAN clustering algorithm [9] is used at each scan
to check if the unassociated measurements can form new
tracks. If DBSCAN clusters enough measurements, the new
tracks are initialized. The updated tracks after data associ-
ation are nominated as tentative for some predefined scans.
Subsequently, when tracks are continuously updated for a
predefined number of scans, they are nominated as confirmed
tracks. The tracks which are not confirmed are finally deleted.



It should be noted that, apart from the NN algorithm and
DBSCAN, the confirmation and deletion of tracks are based
on logic. In this work, to account for the random movement
of the targets, which is the case in the indoor environment, the
unknown targets’ motion is modeled as a discrete white noise
acceleration (DWNA) motion model. The DWNA represents
the targets’ motion in an indoor scene and explicitly models
the random motion of the targets via selectively choosing
the accelerations variances along the coordinates axis. The
developed MTT algorithm is validated for a fixed probability
of false alarm (Pr4) and varying probability of detection
(Pp). The performance of the developed algorithm is also
validated with real radar measurements. Lastly, we propose
using the developed MTT algorithm to count people in an
indoor scene.

The rest of the paper is organized as follows: Section II
describes the scenario and problem statement. In Section
I, the proposed implementation of the MTT algorithm
is discussed in detail. Section IV discussed the simulation
results relevant to the validation of the developed MTT
algorithm. Finally, Section V concludes the paper.

Notations: Scalar variables (constants) are denoted by
lower (upper) case letters. Vectors (matrices) are denoted by
bold face lower (upper) case letters. Superscripts (-)7, (-)
and (-)* denote matrix/vector transpose, complex conjugate
transpose and scalar complex conjugation operation respec-
tively. E[-] denotes statistical expectation and R denote the set
of real numbers. I,, denotes the identity matrix of cardinality
n. len(-) denotes the number of elements in a vector and
number of columns in a matrix. Set subtraction and null set
is denoted by \ and @, respectively. To access the " column
of a matrix A, A’ is used. Similarly, to access the ith element
of a vector a, a’ is used.

II. SCENARIO AND PROBLEM STATEMENT

In this section, we present the scenario and the problem
considered. As mentioned in the introduction, with the motive
of addressing the challenges in the indoor scene; the analysis
of the developed MTT algorithm is generalized in a way that
a) at a given instant of time, the number of targets is random,
and b) the time the targets enter the scene and leave is also
random. Further, to model the random movements of the
targets, the DWNA motion model is considered. Assuming
(@ point targets in the scene, the evolution of the ¢! target
kinematic state vector with cardinality n, (s] € R"=*1) at
the k" time instance (scan) is governed by

sf =f(s}_;)+Lawy, (1)

where, st 1 is the state vector at the previous time instance
of the ¢'" target, f(-) € R"*! governs the motion of the ¢*"
target and is modeled as constant velocity (CV), and wj €
R2*1! accounts for random accelerations of the target along
and y axis. Further, wy, is assumed to be Gaussian distributed
with zero mean and known covariance Q, = ]E[wk.wkT] =
USI Ugy , 8.t w ~ Nr(0,Q,).

In this work, based on the 2D motion of the targets under
the DWNA model, the target state vector is composed of
target locations in 2D space (z},y}), and the corresponding

constant velocities (v, vyt) i.e. s{ = [z}, vaf, YL, vy}

Therefore, the noise-free f(s} ;) is given by

7.

f(s{_,) =Fs]_,.
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where F = 00 1 T, and T, is the coherent pro-
0 0 0 1

cessing interval (CPI).
Further, in (1), as I'; wy, is modelling the acceleration term,
the

0572 0
T, 0

T 0 0.572
0 T,

Regarding the motion of targets in an indoor scene, the
DWNA motion model facilitates the following peculiar re-
quirements.

1) For low values of acceleration variances (04, , 04, ). the
DWNA model matches the CV motion of the target
(simple straight line motion).

2) For high values of acceleration variances, the DWNA
model covers the random motion of the target (variable
velocity).

3) Choosing the suitable values of acceleration variances
helps in modeling the motion of the targets following
different trajectories.

With an assumption that at each k, the radar sensor reports
the estimate of the targets’ positions in Cartesian coordinate,
the measurements reported by the radar sensor for the ¢*"
target (z] € R?*1) is model by

z] = Hs] + vy, ()

where, H is the measurement matrix, v, € R?*! accounts
for the error in estimating z] via radar sensor. In this work,
v}, is assumed to be Gaussian distributed with zero mean and
a known covariance R,,, = E[vyviT], s.t. vi, ~ Ng(0,R,,).

Further, since, the radar sensor is reporting the 2D co-

ordinates of targets, hence, H = [é 8 (1) 8]. In the

presence of clutter, which is a case of point in this work, the
radar sensor measurements are corrupted by the false alarm.
Consequently, apart from the measurements from the targets
(z§, ¢=1,2,...,Q), the measurements (Zy), contains the
false measurements (Z§ € R2?*"¢), where n. depends on
the severity of clutter (value of Pr,). Hence, the overall
measurement used for target tracking is given by

Zp = [Z},, Zj] € R**M, 3)

where Z! = [z}, 22, ..., z,;Q] and M = Q + ne.

Referring to (3), this work concerns with the design of
the MTT algorithm that effectively tracks the motion of
the multiple targets. The proposed implementation of MTT
includes filtering of target-oriented observations (Z!) from
Zj, thereby discarding spurious measurements (Zf). The
developed technique also includes assigning the filtered mea-
surements to the appropriate tracks and tracks maintenance.



III. PROPOSED IMPLEMENTATION OF MTT ALGORITHM

In this section, the implementation of the developed
MTT algorithm and its various components are discussed
thoroughly. The prominent steps are data association, track
maintenance, and Kalman filtering. The track maintenance, in
turn, deals with the initialization, confirmation, and deletion
of tracks.

A. Data Association and track deletion:

The data association acts as a filter and filter out the target
measurements from Zjy. In this work, the NN algorithm
is used for the association. Among the various association
techniques available in the literature, the NN is the most
straightforward and suitable to apply when the measurements
are sparsely distributed. Firstly, at k*" time instance, the
NN algorithm calculates the Euclidean distances between the
predicted measurement (Z; |, € R?*Y) for the existing N
tracks and the measurement from a sensor given by (3) as

dij = |2} _y = Zi |, Vi,V @)
where ||| is the lp norm, ¢ = 1,2,...,N and j =
1,2,..., M are the index to access the columns of Z}

and Zj, respectively.

For simplicity, (4) can be equivalently written in vector
as d; = [di1,di2, ..., d;j, ..., din]. Subsequently, for each
existing track index (¢), the minimum of d; is calculated
as j¢ = arg mind; Vi. Further, if the minimum is less

than or equal t]o the predefined circular gate radius r, the
corresponding measurement index is saved in an associated
index array (io) as i, = [j{,j%,---, ¢, .., jf|- Henceforth,
the measurements indexed by the elements of i, are consid-
ered to be associated and processed for filtering. In filtering,
the future states of the existing tracks are estimated using
Kalman filter. Consequently, for i, = [1,2,...,len(i,)] and
for an initial state estimate (§;* ;) and corresponding error
covariance matrix (Pfj_l), the Kalman filter [10] executes
the prediction and update as

1) Prediction:

s =Fs; |, Pir =FP FT +Q, (5)

where Q =T',Q,I'”.

2) Update:

T R T .
z; =Hs, K'*=Py/H (HP/H" +R,,) ", (0)
S =8 +K'“(Z; —z;), Py =P —K<HP}.

(N

Subsequently, using éz‘l, Zgla , is updated as

pia — ala
Z,, = Hs;".

The updated Zga Vi, are used in the next scan i.e. at k + 1"

instance for data association. In case of miss detections

at k4 1'" instance, since the target observations (Z}) are
necessarily not available for some existing tracks, there states
are updated by the predicted measurements at k' instance

as
i =8, T K2V -z ). (8)

Also, in the case of the miss detections, attention has to be
paid to the two possible alternative scenarios a) the targets
have left the scene permanently, or b) the detections are
missed because of the sensor irregularities (limited FOV or
targets RCS fluctuations). For the latter scenario, the tracks
should be kept on updated using (8) for a few scans, and for
the former, the tracks should be deleted. The scenarios men-
tioned above are tackled properly in the developed tracker by
setting a delete counter (dc) for each existing track. In the
case of miss detection at each scan, the deleted counter is
updated and checked if they cross the predefined threshold.
If a delete counter for a particular track crosses the threshold,
the corresponding tracks are deleted. Otherwise, the states of
the existing tracks continue to update using (8). Further, the
track deletion is performed by removing the relevant entry
in Zz so that in future scans, no measurements in Zj; are
associated with the deleted tracks.

B. Tracks Initialization and Confirmation

Apart from false alarms, the (M — N) measurements,
which are not associated with any of the existing IV tracks,
could be the detections from valid targets. However, due to
the absence of relative entry in Zz, the measurements are
unassociated. Therefore, the unassociated measurements are
checked in the next step to form new tracks. The formation
of the new tracks is undertaken by exploiting the fact that
the measurements from a particular target can be classified
using distance metrics; consequently, the measurements can
be grouped into clusters. Accordingly, the number of clusters
reflects the number of newly formed tracks. Therefore, in this
work, the celebrated DBSCAN algorithm is used to cluster
the unassociated measurements.

If Z;; denotes the group of associated measurements, the
group of unassociated measurements (Z{® = Zj \ Zi*)
are stacked for the consecutive scans (Z§' = [Z§! |, Z¥7)).
Next, utilizing Zzl, the DBSCAN algorithm will look for
the formation of the number of clusters with their corre-
sponding labels. Let at k%" instance, the DBSACN algorithm
identify L clusters with labels 1 = [l1,1l2,...,[L], then for
ip = [1,2,...,len(1)], the labelled measurement Z§'" from
Z¢ at k' instance is treated as a predicted measurements for
the newly formed L tracks. The measurements which are not
labeled in any of the L cluster are the measurements from
clutter and treated as false alarm.

In the successive scans, for associating the measurements
with the newly form L tracks, Zzl” are stacked in Zﬁ as
7y = (77, Zs'"']. Further, along-with updating Z%, §}' and
P}/ for new L tracks are initialized as 0, x1 and I, xn,,
respectively. The updated 8}, are initially nominated as
tentative tracks. Once the tracks are updated successively
for some predefined scans, the tracks are nominated as
confirmed. Like track deletion, the track confirmation is
also performed by setting a confirmed counter (cc) for
each track. The confirmed counter updates every time the
associated measurement updates S;. The confirmed counter
for each track is checked at each scan to cross the predefined
threshold. If for a particular track the confirmed counter
exceeds the predefined threshold, the corresponding track
is nominated as confirmed. Otherwise, the track remains



nominated as a tentative track and eventually deleted by using
the track deletion step elaborated in III-A.

The developed MTT algorithm can be implemented by
following the steps mentioned in the pseudo code 1. The
symbols used in the presentation of pseudo code 1, are
defined in Table. L.

Algorithm 1: Proposed implementation of MTT al-
gorithm

Data: 7, Zg, K, Q. T, ne. Q = TaQaTll. 0ay, 0ays R = T la,
Tm, Pra, Pp, 81, 62 )
1 initialization: M NT,dc = O01xpNT, €€ =01 x MNT, Zg, Zzlil;
2 Data Association using NN (distance metric):
3 while £ <= K do

4 for i < 1 to len(Z}_,) do

5 for j < 1to len(Zy) do
i .

6 | i =1z - 2]

7 end

8 d; = [di1,diz, .oy dij, .o dim]s

9 [val, indz] = arg min d;;

J

10 Check the circular gating condition;

11 if val <= r then

12 | jf = indax;

13 else

14 it =0

15 end

16 Store the associated measurement indexes in ig;

1 ia =[57,35, - dim1. 3]

18 end

19 Update the existing tracks using Kalman Filter,

20 for ig < 1 to len(i,) do

21 if j&* # O then

22 1) Prediction;

23 Use (5),

24 2) Update;

25 Use (6) and (7);

26 To confirm the tracks;

27 if cc’e <= §; then

28 tentativetracks'® = §.;

29 ccle = ccle +1;

30 else

31 ‘ confirmedtracks’e = §,%;

32 end

33 else

34 For handling target miss detections;

35 The predict and update step are same as line 23 and 25.
Nevertheless, since the measurements are missing, Zg is
used in place of Zy.;

36 if cc'® <= §; then

37 tentativetracks'e = §,%;

38 cc'® =cc'e +1;

39 else

40 confirmedtracks'® = é;";

a4 update delete counter;

42 dcie =dcte 4 1;

43 end

44 end

45 end

46 Clustering to Identify if unassociated observations can form new

tracks;

47 7yt =Zp \ 2,

48 if Z;)" # @ then

4 z =z, Z}°);

50 ] = DBSCAN(ZY);

51 for i; < 1 to len(l) do

B 27 = (27,25 ""]. 8 = 0,1, P}l = L ..
dc't = 0;

53 end

54 else

55 ‘ do nothing;

56 end

57 To delete the tracks;

58 for d < 1 to len(dc) do

59 if dc? <= 55 then

6 | Z2' =2, =2, P} =0,dc? =0;

61 else

62 |  do nothing;

63 end

64 end

65 end

TABLE I: Definition of symbols used in psuedo code 1.

Symbols Definition
Tm Measurement noise variance along x and y axis
01 Tracks deletion threshold
0o Tracks confirmation threshold

MNT Maximum number of tracks managed by the tracker
dc Tracks deletion counter
cc Tracks confirmation counter
%] Null set (used to denotes deletion of entry.)

IV. SIMULATION RESULTS

This section discusses a detailed and thorough description
of the simulation setup and results. The simulations are
performed for two simulated scenarios and one real scenario.
Scenario I: the multiple targets are present in the observation
scene throughout the scanning time of the radar sensor. Sce-
nario II: the targets enter the scene and leave the observation
scene randomly. Scenario I depicts the performance of the
developed tracker when the scene is static (in the sense of
a number of targets); on the contrary, Scenario II resembles
a practical situation where the scene is dynamic. Scenario
III: the measurements are recorded in a room using the TI’s
IWR6843A0OPEVM mm-wave radar sensor.

The Scenario I and Scenario II, both are simulated for
200 CPIs, i.e. K = 200. To realize the effects of sensor
irregularities in simulations, at each time sample, the Pp
for each target in the scene is chosen randomly between 0.7
and 1. The r for data association is chosen 1; it should be
worth mentioning that the larger value of r could be chosen
if the measurements are extremely noisy. For simulating the
random motion for each target, such that it mainly represents
CV and accelerating motion model, the o, and o,y both are
chosen randomly between 10! and 10*. Also in simulations
T, = 0.01 sec, 61 = 4 scans , 59 = 5 scans, and MNT =
20 tracks.

The Scenario III, deals with collecting the real measure-
ments in an indoor scene using the TI's INR6843A0OPEVM
mm-wave radar sensor, whose configurations are detailed in
Table II. The measurements are recorded for two people mov-
ing in a circular trajectory. The measurements are recorder
for 269 CPIs, i.e K = 269. It should be noted that the
measurements inherently contains miss detections amid Pp
of the radar sensor. In the Kalman filter, to match the targets’
state model with the circular trajectory, the o4, and og, are
tuned and set at 10~%° and 102, respectively. Apart from K,
04z, and oy, all other parameters are the same as Scenario
I and Scenario II.

A. Scenario 1

The simulations are performed for 4 targets, i.e., @ = 4.
The targets are in the scene for K = 200 time samples,
rm = 0.01, and Ppy = 10~%. The ground truth (GTs),
estimated tracks (ETs), target measurements (TMs), and
false measurements (FMs) are shown in Fig. 1. In Fig. 2,
the number of target measurements available at k*" time
sample and the number of targets estimated by the developed
tracker are shown. The targets’ observation time samples, the
measurements time samples, and the time samples for which
the targets are considered to be lost (due to miss detections)
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Fig. 1: GTs(red), ETs(blue), TMs(green), and FMs(black).
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Fig. 2: True and estimated number of targets with number of
target measurements.

are shown in Fig. 6. It is evident from Fig. 1 that although
the tracker input are the targets’ measurements and false
measurements, the tracker is successfully tracking the targets’
trajectories without initiating any false tracks. Also, as shown
in Fig. 2 and Fig. 6, although there are drops in the number of
target measurements due to Pp, the tracker is not losing the
tracks. This is because the predicted measurements from the
immediate last scan are used to update the tracks. Moreover,
Fig. 2 also reveals that the developed tracker is immune to
the effect of Pp and estimates the exact number of targets
present in the radar’s observation scene.

B. Scenario 11

Unlike Scenario I, the () = 5 targets are not present in
the scene for the whole observation time. They enter and
leave the scene randomly. The setup helps to realize the
real time situation where at any given time, the number
of targets is not fixed and people counting is an important
application. Apart from the random presence of the targets,
the other simulation parameters are the same as Scenario I.
The relevant simulation results are shown in Fig. 3, Fig. 4,
and Fig. 5b. It is evident from Fig. 3 that the developed
tracker tracks the targets’ trajectory and creates and deletes
the tracks successfully. For instance, the developed MTT
algorithm tracks the trajectory of the fourth target for the
duration it is active in the scene. Subsequently, the corre-
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Fig. 3: GTs(red), ETs(blue), TMs(green), and FMs(black).
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Fig. 4: True and estimated number of targets with a number

of target measurements.

sponding trajectory is deleted when the fourth target leaves
the scene. Fig. 5b also shows that unlike Scenario I, the
targets are not present in the scene for all time samples.
Also, the time samples for which the target measurements
are available and the time samples for which the target is
considered to be lost are shown in Fig. 5b. Further, in Fig.
4, it is shown that the true number of targets in the scene is
dynamically changing, and the tracker is estimating the same.
Notably, between time samples 50 to 90, all the five targets
are active in the scene, and the tracker estimates the 5 targets.
This implies that the developed tracker counts the number of
people active in the scene at any particular instance and could
be successfully used for people counting. Form Fig. 4; it can
also be observed that the curve for estimated and true number
of targets are not aligned. The reason is that the tracker takes
some scans to confirm and delete the tracks.

TABLE II: Radar sensor configurations.

Frequency band 60 — 64GHz
Number of Tx 3
Number of Rx 4

Frame rate 10fps
Range resolution 0.044m
Maximum unambiguous range 9.02m
Maximum radial velocity 1m/s
Radial velocity resolution 0.13m/s
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C. Section III

The recorded radar measurements (RMs) for two people
walking in a circular trajectory is shown in Fig. 6. As de-
picted in Fig. 6, unlike Scenarios I and II, the measurements
from a single target are composed of multiple TMs, due to
the extended target effect. Also, the RMs are comprised of
FMs, which makes identification of the target trajectories
impossible. The clustering would be used to tackle the
extended target effect as measurements can be clustered into
a group. However, before clustering, the FMs have to reduce
as they can form a valid clustering class and can lead to false
tracks during tracking. Therefore, to reduce the FMs, we used
the amplitudes of the measurements as a sorting criterion
motivated by the fact that the reflections from multi-paths
are weaker than those from targets. For this, an amplitude
threshold is set on the amplitudes of the measurements.
Subsequently, only measurements crossing the amplitude
threshold are clustered. The measurements obtained after the
thresholding and clustering are shown in Fig. 6. The tracker
performance are shown in Fig. 6 and Fig. 7. As shown in
Fig. 6, the tracker correctly estimates and discern the targets’
motion. In Fig. 7, the tracker performance is summarized in
the presence of missed detections.

RMs
Measurments after thresholding and clustering
Estimated Track
® Estimated Track

1 2 3 4
X (m)

Fig. 6: ETs, measurements obtained after the thresholding
and clustering, and RMs.

V. CONCLUSION

This work proposes and demonstrates a unique imple-
mentation of the MTT technique. The essential elements of
the developed MTT algorithm involving data association,
Kalman filtering, and track maintenance are discussed in
detail. The track deletion and confirmation are executed by
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Fig. 7: True and estimated number of targets with the number
of measurements.

maintaining a delete counter and confirmation counter. The
desirable performance of the developed MTT algorithm is
demonstrated by the simulations performed for three scenar-
ios; Scenario I, Scenario II, and Scenario III. Particularly,
Scenario I deals with validating the designed tracker in the
application where the scene is static regarding the number of
targets. On the contrary, Scenario II validates the tracker’s
performance for the people counting application. Lastly,
Scenario III validates the performance of the developed MTT
algorithm on real measurements and establishes its utility in
efficiently tracking people in an indoor scene.
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