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Abstract—Track-before-detect (TBD) and multi-sensor fusion
are two popular methods of weak target detection which can
improve the performance by increasing the number of measure-
ments. In this paper, we combine these two methods, proposing
a novel multi-sensor track-before-detect (MS-TBD) method for
automotive platforms. It can utilize the information from both
the spatial and temporal dimensions of the target by jointly
processing the measurement from different radars. In particular,
the traditional TBD method is often based on an implicit assump-
tion: the presence of targets is unchanged in the sliding window.
However, this assumption may not be applicable for automotive
multi-sensor systems due to the time-varying fields of view (FOV).
To solve the problems mentioned above, we first present an energy
accumulation strategy for automotive multi-radar systems and
then propose a multiple-hypothesis detection method with the
adaptive threshold (AT). It is demonstrated by simulations that
the proposed methods show superior performance.

Index Terms—Multi-sensor fusion, time-varying field of view,
adaptive threshold, TBD method

I. INTRODUCTION

In recent years, with the development of advanced driver as-
sistance systems (ADAS), vehicles need to accurately perceive
and understand their surroundings to make safe and intelligent
decisions promptly. However, a single radar may have some
limitations, such as occlusion, blind spots, or the appearance
of false targets [1]. Therefore, multi-sensor fusion (MSF)
emerges as a compelling choice, which could achieve a more
comprehensive and accurate awareness of the surroundings
[2], to assist intelligent driving vehicles in planning paths and
accurately avoiding obstacles.

Multi-sensor fusion is a technique that integrates measure-
ments received from multiple sensors, which could acquire
the target space-diversity gain by jointly processing the mea-
surement samples on different observation orientations. Nat-
urally, MSF has gained significant attention, with numerous
algorithms proposed in this field [3]-[5]. However, most of
them mainly focus on single-frame detection (SFD), which
involves a thresholding operation on each measurement frame,
and only the surviving measurements can be provided to a
subsequent tracker [6]. Since the information reduction after
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Fig. 1. An illustration of the multi-radar system.

thresholding is irreversible, these methods show some limita-
tions, especially for low signal-to-noise ratio (SNR) targets.

Conversely, multi-frame track-before-detect (MF-TBD) is
an effective approach to track weak targets. It could take ad-
vantage of the target temporal correlation by jointly processing
several consecutive scans to accumulate the target energy and
finally enhance the target SNR [7]. In order to apply MF-TBD
to practical engineering, it has been studied extensively and
proven to be effective in various areas, such as radars [8], [9],
optical images [10], and sonars systems [11], [12].

However, when considering the application of the MF-
TBD to automotive multi-sensor systems, the alignment of
measurements from different frames encounters two inherent
limitations. On the one hand, the radar data units (called
frames) of multiple radar nodes have different sizes and
numbers. On the other hand, the field of view (FOV) of
an automotive radar varies over time due to the ego-motion
of the vehicle. A multi-station MF-TBD algorithm with a
distributed processing architecture is proposed in [13], which
first performs MF-TBD at each local radar node to obtain
the target track and then fuses the detected track at the
fusion center. Nevertheless, this method does not consider the
discretization strategy of the state space and the relationship
between the scanning area and the state space.

Furthermore, the traditional MF-TBD algorithm is usually
based on an implicit assumption in the derivation of the
detection threshold: the presence of the target is constant
within each sliding window, i.e., each target remains present
(or absent) over the entire timeframe corresponding to the
current sliding window [14]. However, this assumption may



not always be applicable in the automotive multi-radar system,
because the platform is constantly moving, and the observation
regions of different radar nodes exhibit variations. As a result,
the integration of the multiple frames in the sliding window
can not sufficiently accumulate the target energy, resulting in
significant performance degradation.

In this paper, we introduce a novel multi-radar fusion
strategy for automotive platforms to improve detection per-
formance, which could solve the problem of measurement
misalignment caused by the radars’ spatial distribution and
vehicle movement. The major contributions of this paper are
summarized as follows:

e A energy accumulation strategy for automotive multi-
radar systems: To implement target energy accumulation of
multi-frame measurements from different radars in the fusion
center, we proposed a motion compensation strategy to build a
correspondence of measurement between consecutive frames.
It could directly integrate the merit functions in the antenna
coordinate systems corresponding to different radars at differ-
ent frames.

* A novel multi-sensor track-before-detect method: Based
on the accumulation strategy mentioned above, we develop
an adaptable detection threshold-based MS-TBD strategy (AT-
MS-TBD). It can adaptively adjust the detection threshold
according to the number of frames that effectively accumulate
the target energy. Finally, the estimation accuracy of AT-MS-
TBD is demonstrated with extensive simulations.

II. MODELS AND SYSTEMS

A. Target Model

In this paper, we consider a point target moving in the
navigation coordinate system. At the k-th frame, the target
state is recorded as:

t -t 1 -t T 4
Xk = [xkaT’xkar’ykar,ykar] eR ’ (1)

with [z, yt"] the position and [#4*", :%"] the velocity, and

R* denotes a 4-dimensional space that contains all of the
possible target states.

The target motion is usually assumed to satisfy the first-
order Markov process, and then the process of changes in the
target state over discrete time can be modeled as:

Xp41 [xp ~ N(5Fxp, Q), )

where N (-;u,X) follows the Gaussian distribution whose
mean value is p and covariance is .

To facilitate the description of the algorithm, this paper uses
the constant velocity (CV) model as an example. Therefore,
the target’s state-transition matrix F and process noise variance
matrix Q in (2) can respectively be expressed as:

1 T T3/3 T?/2

where T is the time between consecutive frames, @ is the
Kronecker product, and ¢, donates a parameter that measures
the process noise.

Then, the target state sequence from the first frame to the
K-th frame can be expressed as:

Xk ={xX1,%X2,..., XK }. 4

B. Automotive Multi-radar Systems

It is well known that the global navigation satellite system
(GNSS) and inertial measurement unit (IMU) of the ADAS
system could provide highly accurate measurements [15],
recording the vehicle’s location, velocity, and yaw. Then, the
vehicle body’s state is given by:
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where «y, is the yaw angle, [n{®", wi®"] and [R§*", w(*"| are
respectively the position and the speed of the vehicle in the
navigation coordinate system.

We assume that the automotive multi-radar system consists
of M independent radars and a fusion center. The state of the
m-th radar relative to the vehicle body is expressed as:

|m — (fm’lm’ﬁm)’ (6)

where f™ and [™ are respectively the forward and left
positions of the m-th radar relative to the center of the vehicle
body, and 5™ is the installation angle.

The raw measurements obtained from the m-th radar will
be transmitted to the fusion center and converted into discrete
measurements with N range cells, N Doppler cells, N;"*
azimuth cells, and Ng” azimuth velocity.

Therefore, the measurement at the k-th frame can be repre-
sented as a ;™ x N x Ng* x N matrix:

zi’ = {2 (i, 4,n, 1) si € [LN"], 5 € [L, N}, o
n € [, Ng"], 1 € [1, Nj"]}.

After that, the measurement of each cell is modeled as:

O (e R
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if target is in (i, j,n,1)
otherwise

®)
where A} is the target amplitude received by the m-th radar
at the k-th frame, and ¢} (4, j,n,1) is the background noise
modeled by Gaussian distribution [16]. Then the fusion center
receives the measurements z;* and records their sampling time

o, wherem=1,--- M, k=1,--- | K.

III. BACKGROUND AND PROBLEM STATEMENT

In this section, we first briefly review the traditional TBD,
followed by the background and basic assumptions. Then, two
challenges of TBD for automotive multi-radar systems are
demonstrated.

A. Review of Traditional TBD

TBD conducts a comprehensive search over all feasible
paths, and the target is declared once the maximum cumulative
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Fig. 2. This is the traffic flow of autonomous vehicles. The figure shows the
time-varing FOVs of two consecutive frames in the automotive muti-radar
systems. It is seen that: (1) The measurement area is constantly changing
due to the movement of ego-vehiclel. (2) The mismatch of demarcation and
discretization criterion between different radars on ego-vehicle2. (3) The target
only fell into one of the radars measurement area of ego-vehiclel in the (k-
1)-th frame.

energy exceeds the threshold [17]. The expression of TBD for
a single target is given as:

Xy = arg max p(Xix|Z),

Hy 9)
3~t-XTII:13)€<Rp(Xl:K|Z) = Vpr
where Vpr donates the detection threshold. The target state
sequence is written as Xy.x = [X1, X2, - ,Xf]. The target
trajectory is successfully declared when the posterior proba-
bility p(X. K|Z) exceeds the detection threshold Vpr.

It is evident that the maximization in (9) is hard to obtained
due to the infinity and continuity of state space. Therefore, it is
essential to finite and discrete the state space [18], [19]. Then,
two preconditions of traditional TBD are outlined as follows:

* For a single ground-based radar, the target’s state space is
demarcated by the FOV and discretized according to the cri-
terion of discrete measurements, depending on the invariance
of the radar’s scanning area.

* The traditional TBD algorithm only accumulates energy
in the radar’s measurement area, and it is usually based on
constant presence assumption, i.e., the status of target presence
is unchanged within each sliding window.

B. Challenges

1) Mismatch of discrete measurement: According to the
Bayes formula, the posterior probability of the target in multi-
sensor systems can be expanded as [15]:

Km

P(X1xy 1Z) o [ plzi k) p(xi [xi-1) -
k=1

(10)

where p(z}" |x,) describes the relationship between the target
state X, and the measurement z}".

So we need to establish a correspondence between the state
and measurement, because discrete cells of measurements no
longer match each other in different frames. On the one hand,

the movement of the vehicle results in the misalignment of
measurement data obtained at different moments. On the other
hand, the different locations of radar nodes introduce spatial
misalignment among measurements obtained from different
radars at the same moment [20].

When we jointly consider multiple sampling samples in
different time dimensions and spatial locations, it becomes a
significant challenge to accumulate the target energy directly.
Furthermore, affected by the operating mode and system
parameters, the number and size of measurement cells, and
their position relative to the target vary from one radar to
another.

2) Inconsistence of observed target information: In automo-
tive radar systems, vehicles often perform sudden and drastic
maneuvers such as U-turns or lane changes. Due to the varying
installation locations of the radar and the target motion charac-
teristics, it is not guaranteed that each radar within the system
can illuminate the target in each scanning cycle. Consequently,
the target may not be within the scanning area for a single
frame or several frames, leading to insufficient accumulation
of target energy in the sliding window integration process [21].
This ultimately results in a high rate of missed detections and
compromises the performance of the algorithm.

IV. THE PROPOSED AT-MS-TBD ALGORITHM

In response to the two challenges mentioned above, this
section introduces a motion compensation strategy for automo-
tive multi-radar systems. Subsequently, we illustrate the core
concept and detailed steps of the AT-MS-TBD algorithm.

A. Motion Compensation Strategy for Multi-Sensor Systems

To effectively accumulate target energy from multi-frame
measurements originating from different radars in the fusion
center, it is imperative to address the challenges posed by
the moving platform and the distribution of radar positions.
Therefore, we propose a motion compensation strategy that
involves compensating for the positions of both the radar
and the vehicle. This compensation enables us to establish
a correspondence between measurements across consecutive
frames, thereby overcoming the above challenges.

In the fusion center, the measurements from different radars
are sorted according to the sampling time, where the measure-
ment of the k-th frame can be expressed as

M
Zoon = {Zion: Zeen: 2 2oy}, K=Y Kpn. (1D
m=1

We take one of the cells [r, 7,0, 0] in the k-th frame as an
example to describe the process of the motion compensation
and valid state transition center searching.

The cell of the gridded state in the antenna coordinate
system is first transformed to the vehicle body system by
compensating the position and installation angle of the radar
where the k-th frame measurement is located:
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The rotation matrix R(3) could be given by:
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By compensating the yaw angle a; and position of the
vehicle body [nge", n¢e", wit", W], the state could be trans-
formed into the navigation coordinate system, where we can
build the state transition relationship directly:

nav nav nav snav
Sk = [np™, ™ wp™ ]

= R(ar) - Cr + [ng)", g, wil” wg"].

(14)

The state of the current cell in the navigation coordinate
system at the (k+1)-th is frame based on the target motion
model and the interval of consecutive frames At = ¢y — t.
It can be obtained by:

Ski1 = Sk + At - [E4 0,927, 0]. 15)

To prepare for the energy accumulation, we need to find out
where the state S corresponds to the antenna coordinate
system of the radar. The state in the vehicle body system can
be obtained by compensating the information of the car at the
(k+1)-th frame:

k+1 _ car —1
Cit = (Prvt —xi, ) R (awsn),  (16)
T
Xcar _ ncar ncar wcar scar (17)
tht1 — ter1? "1 Tleg1? Ttk

where “—1” indicates the inverse of a matrix.

Then we transform C:H into the antenna Cartesian coor-
dinate system by compensating for the radar’s position and
installation angle:

k+1 _
Xk =

_1(ﬁ5k) ’ (Cﬁﬂ - [f5k+1’07lfk+170:|—r) . (18)

The center cell index of valid state transition space k-th
frame can be obtained by:
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Remark 1: Our approach also remains applicable to syn-
chronous situations. When the time interval between two
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Fig. 3. Schematic diagram of searching for valid state transition space and
integrating the merit functions.

consecutive frames is zero, it implies that the target states in
these adjacent frames are essentially identical. Consequently,
during the integration of merit functions, there is no need
to search for a valid state transition space. Instead, we can
directly accumulate the measurement to simplify the process
and enhance its efficiency.

B. AT-MS-MFD

Aiming at the problem that the measurements of some
frames don’t include the target, which affects the full accumu-
lation of target energy, we propose the AT-MS-TBD algorithm
in this subsection. It could algorithm adaptively adjust the
detection threshold based on the number of frames effectively
accumulating target energy.

In the fusion center, we process all measurements using a
sliding window approach with the batch length of K. Since the
processing is the same in each sliding window, we will use
the one as an illustrative example to outline the detailed steps.
1) Initialization

Firstly, we initialize the merit functions of all discrete states
x1 = [r1,71, 61, 91] € R with the measurement z; at the first
frame:

Il(X1|Z) =Z
\Ill(Xl) :O,

where I(x;|Z) denotes the merit function of the x;, and
WU, (-) is used to store state transitions between consecutive
frames.

2) Merit Function Integration

As can be seen in Fig. 3, unlike the traditional TBD
methods searching for station transition space just within the
measurement area, AT-MS-TBD updates the value function for
all states xj, in the Qi = {xy, |I(x%) # empty}.

However, each cell may be searched not only once, as the
green cell x2 % shown in Fig. 3. So we update the merit
function I(x5"?) based on the larger of I(x}) and I(x?).
This process can be expressed as:

(20)
21

L (xf™) = max  Tu(xp) + |zesr (xf)
Xp ET(xiJrl)
22)
Upp(x, ) =arg  max  Ip(xp),
Xk ET(xk+1)
where T(X]]erl) is the range of states in which the target state

may be transferred from the k-th frame.
3) State Cell Labeling:



In the process of accumulating merit functions, we set the
parameter & to mark whether the searched state cell xj is
located in the measurement area in the k-th frame:

1, if zg(ig, jk, nk, 0
fk(xk) _ 5 k( ks Jks Tk, kr) 75 )

: (23)
0, otherwise

Then, the algorithm can subsequently judge the number of
frames that have effectively accumulated to the target energy
based on the & (xy) of each frame

K
£ = ka(ﬁk) .
k=1

4) Adaptive Detection and Trajectory Backtracking:

According to this, we can adaptively set thresholds in order
to prevent missed detection or false alarms resulting from the
absence of a target in some frames. And the uncertainty of
the ¢ will lead to multiple nested assumptions of Hj, i.e.,
{Hie,e=1,.., K}

(24)

XK = argxing&( I (xk)

(25)
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Finally, the algorithm will backtrack the trajectory. For k =
K-1,.---,1:

Xp = W1 (Xpg1)- 27)

Through the AT-MS-TBD algorithm, we can jointly process
the measurements from multiple radars in the fusion center to
estimate the optimal target state X, = [X1,%X2,  ,XK],
even if the target existence is inconsistent.

V. SIMULATION EXAMPLES

In this section, we will verify the performance of the
proposed AT-MS-TBD method with Monte Carlo simulations
under a given false alarm probability. The probability of
efficient target detection (Pd) and root mean square error
(RMSE) are used as the quantitative comparison parameters.

We first set up two simple scenarios: two automotive radars
detect a single target while maintaining a constant velocity
(1m/s, 2m/s). One of the scenarios uses synchronous data, and
the other uses asynchronous data. Then, we design a more
complex scenario to verify the robustness of the algorithm:
the simultaneous presence of synchronous and asynchronous
situations, as well as inconsistent target existence between
frames. The specific simulation details are as follows:

1) Scenario 1

As can be seen in Fig. 4 (a), we first consider the situation
where the measurements of two automotive radars are asyn-
chronous. The two corner radars move with the vehicle body
but sample and transmit measurements to the fusion center
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Fig. 4. Schematic diagram of the simulation scenario. (a) Scenariol: asyn-
chronous situation. (b) Scenario2: synchronized situation.
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Fig. 5. Scenario 1: The Pd and RMSE curves of three algorithms are plotted
against target SNR.

at different moments, respectively. The Pd and RMSE curves
are plotted against the SNR to demonstrate the effectiveness of
the proposed algorithm, which is compared with the detection
performance of a single radar and benchmarked against the
traditional SFD method.

The simulation results illustrate that when the two radars
work in asynchronous mode, more measurement frames can
be collected in the same period for the TBD algorithm to
accumulate the target energy. Consequently, we can set the
length of the sliding window K=10. As illustrated in Fig. 5,
compared with the single-radar MFD, AT-MS-TBD provides
a more accurate estimation of all SNR.

2) Scenario 2

Consider a scenario where measurements from two auto-
motive radars are synchronous, as shown in Fig. 4 (b). In
the centralized processing approach, the synchronous measure-
ment can be regarded as a particular case of asynchronous
measurements, where the time interval between consecutive
frames is zero. In such instances, the target state remains
entirely consistent between consecutive frames.

During the accumulation of merit functions, we can accumu-
late the measurements in the same cell directly. This process
effectively combines measurements from both radars at each
sampling moment, increasing the number of jointly processed
frames within the same sliding window duration. As a result,
targets can be more effectively distinguished from noise.

Simulation results shown in Fig. 6 demonstrate a significant
performance enhancement of the AT-MS-TBD compared to
the traditional TBD algorithm employed with a single radar,
especially under conditions of very low SNR.

3) Scenario 3
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Fig. 6. Scenario 2: The Pd and RMSE curves of a single radar and the multi-
radar system are plotted against target SNR.
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Fig. 7. Schematic diagram and the trajectory prediction results of the
simulation scenario 3.

To enhance the illustration of the proposed method’s sce-
nario generalization, we devise a more complex and motorized
scenario: two automotive radars may collect measurements and
transfer them to the fusion center at any given moment, and the
target temporarily exits the measurement area during the 3-th
and 5-th frames. As shown in Fig. 7, the simulation scenario
and the corresponding estimated results are exhibited. It can
be seen that the AT-MS-TBD method can provide precise
trajectory estimation, even when the target does not fall into
the radar measurement area.

In summary, the proposed AT-MS-TBD method can fully
utilize the measurements from different radars to accumulate
target energy, thereby improving the estimation accuracy of
weak targets.

VI. CONCLUSIONS

In this paper, we consider the target detection problem
with multi-sensor TBD. The proposed AT-MS-TBD algorithm
effectively solves the problem of target presence inconsistency
in the sliding window, in which not only the movement of
multi-radar platforms but also the limited field of view is taken
into account. It could adaptively set the detection threshold
based on the accumulation of target energy. Simulation results
verified that the AT-MS-TBD can successfully track the target
in both synchronized and asynchronous situations, and the
proposed methods has a higher accuracy and robustness.
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