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Abstract— One of the key aspects of modern-day robotics
research is the development of perceptual capabilities of agents.
Robots need to understand their surroundings in order to
reason or infer about a given situation. Chief among the
areas of perception is that of detection and tracking of people.
In this work we employ millimeter-wave radar and imaging
sensor fusion approach to pedestrian detection and tracking.
We perform experiments in a variety of settings (single and
multi- target, varying illumination, varying distances and fields
of view, dense and light clutter, and through-the-wall tracking).
Our results show that our fusion and tracking architecture is
far superior to camera only systems in terms of accuracy and
added functionality. Our implementation mitigates the effects
of occlusions (including wooden walls), blurry images, obscured
lens, and field of view limitations.

Index Terms: sensor fusion, millimeter-wave radar, mul-
tiple model filter, people tracking.

I. INTRODUCTION

Rapidly growing interest in the field of autonomous driv-
ing and flight has given the field of estimation and tar-
get tracking great focus by researchers. Estimation theory
has a very long and rich history, getting its roots from the
works of Gauss and Legendre on least square estimation of
planetary orbit parameters, followed by Rudolf E. Kalman’s
breakthrough paper [1] about the design of a recursive state
estimator, the Kalman filter. Furthermore, in the tracking and
state estimation community, researchers had noted early on
that using a combination of multiple sensors significantly
enhances the performance of tracking systems [2]. In fact,
this is intuitive as both humans and animals employ a
multimodal approach to perception. For instance, humans
combine inertial units in our ears with our vision to fill in
the deficiencies of each sensing modality [3].

There is an ever-increasing research effort in the idea
of fusing various sensors to get accurate state estimates
for people tracking applications. The researchers in [4],
upon which we base our system, utilize lidar and camera
fusion for people tracking in crowded scenes. We note two
limitations in this work,one is that lidars are susceptible to
environmental effects such as smoke or dust,and the other is
that lidars do not have through-the-wall capabilities as radars
do. The authors in [5] presented an RGB-D camera only
system mounted on a user’s head. This system expectedly
suffers from the limitations of an RGB-D sensor such as
limited range, limited field of view as well as inability to
work in areas where there are situations such as smoke,
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image blur, or anything that covers the lens of the camera.
Another notable work that is similar to ours is that done by
Long et al. [6]. The authors targeted an application in which
they use fusion of radar and RGB-D camera for assistance
of visually impaired people. This work was aimed at solving
the detection problem only and does not consider tracking
of moving objects.On the other hand, our research considers
detection as well as tracking in real time.

Our work uses two sensors that are considered pivotal
for the realization of autonomous cars/robots: radar and
RGB-D camera. The two sensors are highly complementary
in the following senses: radars are insensitive to weather
conditions, lighting fluctuations (night/day, glare, etc.), have
a very high range, extended field of view and are able
to offer direct measurement of velocity. Cameras, on the
contrary, are highly susceptible to environmental effects and
are limited by viewing range and field of view. On the other
hand, cameras provide much richer information owing to the
rapid advances in vision algorithms, and are considerably
cheaper.we leverage the combination of these two sensors to
get a robust system.

The contributions of this paper are the following: a com-
prehensive set of human motion models to be used in the
interacting multiple model filter for better target tracking, a
fusion system that addresses the following issues: occlusion
with walls, field of view limitations of camera (by more
than a factor of 2 in our case), tracking in very low light
conditions, and tracking with blurry and obstructed camera.
These contributions are highlighted in the extensive real
world experiments we conducted using Robot Operating
System (ROS).

The rest of the paper is organized as follows: Section II
gives detailed models for the system dynamics and measure-
ment models as well as sensor characteristics. Section III
presents the multiple model filter and fusion system. Section
IV elaborates on the results found in our numerical studies
as well as the physical experiments.We make our concluding
remarks in section V.

A. Basic system overview

We show our fusion architecture in Fig. 1. We employ
a Region of Interest (ROI) based upper body detector for
RGB-D data, inspired by the method used in [5]. After
this step, we get robust upper body detections ready to be
fused. For the radar, there needs to be significantly more
processing as radar gives a lot of spurious signal returns. An
adaptive thresholding method called Constant False Alarm
Rate (CFAR) is first applied to the raw radar signal [8].
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This gives more refined radar detections. Furthermore, we
use statistical outlier removal around the CFAR detections
with a user defined mean and variance to get rid of residual
noisy data. After this step we compute target pose and change
the data to one that is compatible for fusion with the format
we get from camera detections. Finally, refined detections
from camera and radar are sent to the fusion center which
will output the required target tracks.

Fig. 1: Fusion architecture.

II. PROBLEM FORMULATION

A. Motion models

We borrow from the vast military target tracking literature
[10] and adopt the models studied there to our problem of
interest. The state space representation of a linear dynamic
system in discrete time is given by

x(k + 1) = F (k)x(k) +G(k)u(k) + Γ(k)v(k), (1)

where x is the state vector with dimension nx,u is the control
vector, v is the input disturbance or process noise, F is the
system matrix, G is the input gain , and Γ is the noise gain
[7]. The output of the system is given by

y(k) = H(k)x(k) + w(k), (2)

where w is measurement noise, H is the measurement
matrix, and v and w are uncorrelated, zero mean Gaussian
white noise processes. The following relations result from

the properties of the noise distributions we stated:

E[v(k)w(j)′] = 0, (3)

E[v(k)v(j)′] =

{
0, for k 6= j
Q(k), for k = j,

(4)

E[w(k)w(j)′] =

{
0, for k 6= j
R(k), for k = j,

(5)

where the matrices Q(k) and R(k) are process noise covari-
ance and measurement noise covariance respectively.

1) White noise acceleration model: This motion model
is obtained by discretization, with sampling period T , the
double integrator continuous time system.The state vector x
consists of position and velocity and driven by a zero mean
white noise acceleration process noise. The state equation is

x(k + 1) = Fx(k) + v(k), (6)

whereF =

[
1 T
0 1

]
,Q =

[
1
3T

3 1
2T

2

1
2T

2 T

]
q̃,

and q̃ is the power spectral density of the process noise.
2) Continuous wiener process acceleration model: This

model assumes acceleration increments that are zero mean
Gaussian or in a more general way, a process with indepen-
dent acceleration increments. The model takes the form of
(6) with

F =

1 T 1
2T

2

0 1 T
0 0 1

 andQ =

 1
20T

5 1
8T

4 1
6T

3

1
8T

4 1
3T

3 1
2T

2

1
6T

3 1
2T

2 T

 q̃.
3) Coordinated turn motion model: A coordinated turn

model is characterized by a nearly constant turn rate and
a nearly constant speed.We assume the coordinated turn
motion takes place in horizontal plane. The state space in
this scenario includes position and velocity in the horizontal
plane and a turn rate Ω ,that is:

x = [ξ, ξ̇, η, η̇,Ω], (7)

where Ω(t) = Ω(k),t ∈ (tk,tk+1). The system model for
coordinated turn motion model is given by

x(k + 1) = Fx(k) +Gv(k), (8)

with

F =


1 sin ΩT

Ω 0 − 1−cos ΩT
Ω

0 cos ΩT 0 − sin ΩT
0 1−cos ΩT

Ω 1 sin ΩT
Ω

0 sin ΩT 0 cosΩT

 and

G =


1
2T

2 0
T 0
0 1

2T
2

0 T

 .
B. Measurement models

Once the dynamic motion models are set, we can now
turn towards modeling the measurement process for both the
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radar and the camera.
1) Radar measurement model: Radar sensors typically

measure azimuth,elevation,and range to the target. We quan-
tify this by following the formulation by Romine and Ka-
men[11]. The x, y , and z positions together with their first
order derivatives represent the state vector as

X(k) = [x(k), y(k), z(k), ˙x(k), ˙y(k), ˙z(k)], (9)

while the measurement vector is

ZR(k) = hR(k) = [rRm(k), θRm(k), φRm(k)], (10)

where rRm(k), θRm(k), and φRm(k) are the range, azimuth,
and elevation measured by the radar. The radar measurement
equations are given byrRm(k)

θRm(k)
φRm(k)

 =


√
x2(k) + y2(k) + z2(k)

tan−1( y(k)
x(k) )

tan−1( z(k)√
x2(k)+y2(k)

)

+

vRr (k)
vRθ (k)
vRφ (k)

 ,
(11)

where vRr (k), vRθ (k), and vRφ (k) are zero mean white noise
signals with gaussian distribution.

2) Camera measurement model: The imaging sensor pro-
vides azimuth and elevation measurements.We exploit the
depth information directly from radar as opposed to camera
depth. We do this to harness the excellent range accuracy
of the radar. The same radar measurement equations for
azimuth and elevation apply for the camera as well. The
inverse depth parametrization used by Civera et al. [14] can
also be utilized. The object will be tracked in the image
plane of the camera. The measurement equations take the
following form:

ZI(k) = hI(k) =

[
θIm(k)
φIm(k)

]
= c̃

[
θI(k)
φI(k)

]
+

[
vIθ(k)
vIφ(k)

]
, (12)

where c̃ is a constant determined by experimentation and
relates the image centroid to the field of view of the camera.
θI(k) and φI(k) are the azimuth and of the target. the ideal
noiseless measurement equation is given by

hIo(k) =

[
θI(k)
φI(k)

]
=

 tan−1( y(k)
x(k) )

tan−1( z(k)√
x2(k)+y2(k)

)

 . (13)

III. MULTIPLE MOTION MODEL AND FUSION
ALGORITHM

A. Multiple motion model filter

Conventional filtering assumes the target under investiga-
tion follows a single motion model; therefore,we will have a
static filter even if the motion of the target varies significantly
from regime to regime. Extensive research has shown that
using a tailored filter for each motion model considered will
greatly improve estimation performance [7].

The basic idea behind the multiple model filter is that at
any given time a target will undergo one of j possible motion

models given by

M ∈Mr
j=1. (14)

The prior on Mj is given by

P [Mj |Z0] = µj(0), (15)

where the µj’s are termed as mode probabilities(the proba-
bility that the target is following the jth motion model).Λ
is the likelihood p[z(k)|Mj(k), Zk−1], and µi|j(ref. Fig.2.)
is the predicted mode probability computed from the previ-
ous update. Furthermore, the measurement vector Z is the
stacked vector [ZR ZI ].

Each motion mode has a probability of µj , where all
the probabilities of the motion models should add up to
one.Knowing this information,we define a Markov chain
which represents the transition of the target from one motion
model to another(e.g. constant velocity to coordinated turn).
A detailed account of the interacting multiple model formu-
lation is found in [2] and [7]. Fig.2. shows the algorithm for
the multiple model scheme for the case of two motion mod-
els.The algorithm, however, can be used with an arbitrary
number of motion models.

Fig. 2: Interacting multiple model filter.

B. Fusion algorithm

The fusion of the two sensors is done using the Extended
Kalman Filter(EKF).We assume linear motion models and
nonlinear measurement models. To use the EKF, we perform
linearization of the measurement equations about the latest
estimate X̂(k|k − 1). This is done by finding the Jacobians
of (11) and (12) as follows:

HR(k) =
∂hR

∂x
andHI(k) =

∂hI

∂x
. (16)

Based on the above Jacobians,we perform the EKF iteration
by stacking the measurement equations together. To save
space we do not list the EKF recursion. the reader may
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refer to [7] or almost any textbook on state estimation for a
complete listing.

IV. EXPERIMENTAL EVALUATION

A. Numerical simulations

Based on the formulations in sections II and III, we
proceeded to verify if the fusion produces sufficient reduction
in tracking error compared to a single sensor modality. We
compare root mean squared errors in position and velocity.
Table 1 shows the numerical gains obtained by using fusion.
Since almost all of the range accuracy is obtained from
the radar, it takes the bigger share of reduction of position
estimation error.

One can clearly see significant gain obtained over the
imaging sensor due to fusion, especially when comparing ve-
locity errors.Baseline speeds ranging from 0.5 m/s ( leisurely
walk) to fast pacing of around 2 m/s, with occasional
coordinated turn motion at constant velocity. We see that
the imaging sensor has significantly higher position error.
We display representative plots for the RMS errors as well
as errors with fusion in each coordinate directions with their
3σ bounds. We also add Mean Absolute Error (MAE) figures
in Table 2.

Fig. 3: RMSE figures for position and velocity in meters and
meters per second respectively.

TABLE I: Average RMSE values for comparison

Sensor
Mean RMSE
(Position)(m)

Mean RMSE
(Velocity)(m/s)

Radar 0.2717 0.2903
Imaging sensor 0.9208 0.3096
Fused system 0.2486 0.1198

B. Real world experiments

To test our algorithms, we employ the setup shown in
Fig.5. We used IWR1443 millimeter-wave radar from Texas

Fig. 4: Position and velocity errors in x and y directions with
3σ bounds.

TABLE II: Mean absolute erros in position and velocity

Averaged MAE
Position(m) Velocity(m/s)

Sensor x y x y
Radar 0.0950 0.1017 0.1532 0.2060
Imaging sensor 0.9778 1.1073 0.2096 0.4678
Fused system 0.0938 0.1016 0.1128 0.1417

Instruments and an Asus Xtion RGB-D camera, the setup
is mounted on a platform at a height of about 1.6m. The
characteristics of the radar and camera detections were
analyzed. The detected people in the camera image and the
corresponding power-range spectra of the radar are shown in
Fig.6. We note one major peak for single person detection
and two major peaks for two-person detection on the radar
return power spectrum. This can be extended to more than
two targets.

The next step was ROS integration. For this part we
acknowledge the great library provided by the authors of
[4], we built our work on top of their framework.

In Fig.7. we see how RF signals behave when they are
reflected from the human body courtesy of [15]. Only a
certain portion of the RF waves get reflected back to the
sensor while the rest goes undetected. We describe the
interpretations of the results conveyed in Fig.8. as follows:
Blue bounding boxes represent camera detections,the frustum
region in the top figure in Fig.7(a) shows the camera field
of view, colored dots are radar detections after thresholding
and filtering. The avatars represent the human targets, the
ellipses at the foot of the target represent the estimation
covariance ellipse, and the colored lines are tracks followed
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Fig. 5: Combined camera and radar setup.

Fig. 6: Camera detections and corresponding radar detections
(return power spectrum) to be fused for single and multiple
targets.

by targets. The detections change dynamically and cannot be
shown very clearly on images, hence we suggest visualizing
the results on our video illustrations1.

V. CONCLUDING REMARKS

We have designed and implemented a radar and cam-
era based multi-sensor fusion system for people detection
and tracking for robotics applications. Our system fuses a
millimeter-wave radar and an RGB-D camera to get peo-
ple tracking that works remarkably well at long distances,
through a wall, with wide fields of view, and functions amid
varying lighting and environmental conditions. In our exper-
iments, we have observed that fusion substantially increases
the accuracy and functionality of the system compared to
widely used single sensor systems. We claim that radar has
enormous potential for supplanting lidar for autonomous

1https://youtu.be/04Eaz8sIoQ0

Fig. 7: Illustration of RF signal reflection from the human
body.

robotics. Radar is finding wide use not only in tracking but
in mapping and navigation as well.

Future extensions of this work include: Using multi target
metrics such as Optimal Subpattern Assignment (OSPA)
and Multi Object Tracking Accuracy (MOTA) for detailed
comparisons, using radar models with 360-degree coverage
to improve the environmental awareness of the robot, and
integrating our system with high level task intelligence
frameworks.
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