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ABSTRACT Environment perception—and, in particular, multi-sensor fusion—plays a crucial role in ensur-
ing the reliability of advanced driver assistance systems. Track-to-track fusion principles are widely adopted
in automotive applications to combine object tracks generated by smart sensors. Within these systems, track
management is a key component, as it strongly influences performance through track initiation and false-
track suppression. State-of-the-art approaches address this problem by estimating and fusing the existence
probabilities of tracks. Consequently, robust fusion of sensor-level existence estimates is essential for reliable
track-to-track methods. In this paper, we extend our previous two-step hybrid existence probability fusion
framework with probabilistic tracking and birth models. The proposed tracking model incorporates target
velocity in addition to the sensor field of view, while the birth model captures the spatial context in which new
objects are likely to emerge, enabling faster confirmation and improved false-track suppression. Experimental
results obtained with a conventional radar—camera frontal perception setup demonstrate that integrating the
proposed sensor models yields more than a 4% overall performance improvement, even within a standard
one-step Dempster—Shafer belief fusion framework.

INDEX TERMS Advanced driver assistance systems, environment perception, multi-target tracking, proba-

bility fusion, sensor Modeling, smart sensors, track-to-track fusion.

I. INTRODUCTION

The Advanced Driver Assistant Systems (ADAS) play an
important role in increasing the safety of road vehicles [1].
Efforts to reduce the frequency and severity of traffic accidents
are strongly promoted by both the automotive industry and
legislative bodies [2]. The reliability of these systems is cru-
cial from both the user acceptance [3] and safety perspectives.
Human drivers tend to over-rely on ADAS systems and fail
to notice when they fail [4]. False alarms and actions (e.g.,
false emergency brake) usually stem from the malfunction
of the environment perception system [5], [6]. Sensor fusion
plays a vital role in improving the reliability of the perception

system by combining information from multiple sensors and
leveraging a priori knowledge of the different modalities [7],
[8].

Sensor fusion can be realized at multiple abstraction
levels, which highly impact the quality of the perception
system. Low-level fusion, also referred to as raw data fu-
sion, operates directly on sensor data throughout the entire
processing pipeline, from raw measurements through fea-
ture extraction to detection, as in [9], [10]. As opposed to
low-level, at feature-level, features are first extracted from
the raw sensor data (separately from the fusion process),
while tracking and fusion are performed centrally [11].
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In high-level fusion, feature extraction and detection are per-
formed by the sensors, and the fusion process operates on
the resulting object-level data [12]; accordingly, this approach
is also referred to as object-level fusion. Performing sensor
fusion at higher abstraction levels yields two main advantages:
first, sensor communication bandwidth is reduced; second, the
higher abstraction level allows more modularity by isolating
the fusion logic from sensor-specific details [13]. For these
reasons, most ADAS systems rely on object-level fusion.

Moreover, automotive smart sensors typically perform a
multi-object tracking (MOT) on object detections, providing
tracked objects with unique identifiers. These sensor tracks,
called local tracks, can be fused by two principal approaches.
In a measurement-to-track fusion scheme, local tracks are
treated as individual measurements and fused centrally using
a recursive Bayesian filter (e.g., Kalman filter), as in [14],
[15]. However, Kalman filtering assumes statistically indepen-
dent measurements, whereas local tracks are correlated due to
the common process noise arising from the underlying target
dynamics [16], thereby violating this assumption. This lim-
itation motivates the track-to-track fusion (T2TF) paradigm
commonly adopted in decentralized perception architectures,
in which each sensor maintains its own tracker.

Track-to-track fusion generates a global, fused track set
while explicitly accounting for inter-track correlations, mak-
ing it well-suited for fusing locally estimated tracks from
automotive smart sensors. Track management is a critical
component of track-to-track fusion, as it maintains the global
track list by initiating and confirming new tracks correspond-
ing to targets entering the surveillance area, and by coasting
and removing global tracks in the absence of consistent sensor
support. If a new track is confirmed too early, the probabil-
ity of false alarms increases; conversely, overly conservative
initiation may delay the detection of real targets or cause
short-lived objects to be missed altogether. Therefore, track
management plays a key role in the overall quality of the
fusion process and, by extension, the entire perception system.
In this paper, we focus on estimating the existence probability
of global tracks, which provides a principled basis for track
management decisions, such as when to confirm or delete
object tracks.

A. RELATED WORK
Track management has a significant impact on false track
suppression and, consequently, on the performance of the
perception system [17]. Therefore, it remains a major focus of
research in object tracking systems [18]. A common charac-
teristic of the different approaches is the distinction between
tentative tracks, which are internally maintained but not yet
reported to the system output, and confirmed tracks, which
are released only after a confirmation process verifies their
existence [19]. The counter-pair of confirmation, the track
deletion or removal, aims to remove outdated tracks that are
no longer updated by sensor measurements [20].

The vast majority of existing track management meth-
ods rely on Bayesian statistical principles to estimate the
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probability of track existence, which will later serve as a met-
ric for track management. The IPDA (Integrated Probabilistic
Data Association) [21] is one of the first methods to integrate
track existence estimation into the Bayesian PDA (Probabilis-
tic Data Association) [22] single-object tracking framework.
While [23] adapts the integrated existence probability for-
mulation for the multi-object tracking variant of PDA, the
JPDA (Joint Probabilistic Data Association). Similarly to
IPDA and JIPDA, the PMHT (Probabilistic Multi-Hypothesis
Tracking) [24] is also extended to include the probability of
track existence in [17] and [25]. After quantifying the track
existence, practically, the tracks with existence probability
above a given threshold (i.e., confirmation threshold) are con-
firmed, while those below a deletion threshold are removed
from the track list [26]. In [19], a two-step alert—confirm track
confirmation strategy is proposed. First, tentative tracks are
initialized with a more permissive existence threshold, and
then selectively revisited with a stricter threshold.

Besides Bayesian methods, multiple non-Bayesian heuris-
tic approaches have been proposed for track management
in multi-object tracking [27]. A widely used strategy is the
M-out-of-N logic, where a tentative track is promoted to con-
firmed status if at least M out of the last N measurements are
associated with it [28]. Despite its popularity, this approach
exhibits several limitations: the parameters M and N are typ-
ically fixed and non-adaptive, and the decision logic does not
explicitly account for sensor characteristics such as field of
view or detection probability. A more statistically grounded
alternative for track confirmation and deletion is the sequential
probability ratio test (SPRT), which has been integrated into
the PMHT algorithm in [29]. In [27], a hybrid method is
introduced by deriving a Bayesian SPRT, comparing it with
the Bayesian IPDA and the M/N logic.

Both Bayesian probabilistic and heuristic methods are used
in automotive applications, as in [30], [31]. However, they
are primarily designed for centralized tracking architectures
that operate directly on measurements (i.e., detection) rather
than on tracked objects. Although they are sometimes used
for T2TF in distributed sensor networks, as M/N logic is
implemented in [32]. In such settings, false sensor tracks may
already exhibit temporal consistency due to local sensor-level
tracking algorithms, making them difficult to suppress [26].
To address this limitation, IPDA and JIPDA have been adapted
to decentralized tracking architectures in [33], [34], where
the existence probabilities of local sensor tracks are explicitly
incorporated into the estimation of fused-track existence. Fur-
thermore, the Dempster—Shafer method has been introduced
for fusing the existence probabilities of track estimates in [35],
[36]. Since Dempster—Shafer theory (DST) [37] generalizes
Bayesian probability, it enables a more expressive representa-
tion of uncertainty. In our previous work [38], we proposed
a hybrid two-step method combining Dempster-Shafer and
cumulative belief fusion.

All these probabilistic approaches explicitly incorporate
sensor characteristics and key parameters—such as detec-
tion, survival, and birth probabilities—that strongly influence

VOLUME 7, 2026



IEEE Open Journal of

Vehicular Technology

tracking performance. In aerospace applications, where IPDA
and JIPDA were originally introduced, these probabilities
within the underlying Markov process were typically mod-
eled as constants, reflecting the 360° field of view (FoV)
of airborne and ground-based radar systems. In contrast, au-
tomotive applications must account for the limited FoV of
onboard sensors, which necessitates more elaborate modeling.
One of the simplest strategies is to use two constant detec-
tion probabilities—one inside and one outside the FoV—as
in [39]. More refined approaches model detection probability
as a function of the track’s position relative to the sensor
FoV [40], [41]. In [42], the detection probability is formu-
lated as the product of three components: an FoV-dependent
term analogous to the survival probability, the true positive
detection probability, and a track-related term accounting for
state uncertainty. Additionally, object occlusion is incorpo-
rated into the detection model in [30], [43]. The survival
probability—also referred to as persistence probability—is
frequently modeled as FoV-dependent, with reduced values
near the boundaries of the surveillance region [30], [42],
reflecting the assumption that targets cannot be maintained
outside the observable area. Nevertheless, in many imple-
mentations, it is still represented by condition-dependent
constants [40]. The birth probability is also often defined
as a constant [42]. However, in [30], it is defined propor-
tional to the gradient of the persistence probability, resulting
in increased values in regions where persistence changes
rapidly—such as at FoV boundaries or occlusion edges. A
different assumption is made in [41], where new objects are
prevented from being initiated in close proximity to existing
tracks. Similarly, [40] derives the birth probability adaptively
from an occupancy grid representation of the environment.

B. CONTRIBUTIONS OF THE PAPER

In contrast to the probability estimation methods integrated
into traditional centralized tracking systems, the track-to-track
existence probability fusion approaches proposed in [35],
[36] adopt a more simplified parameterization. Among the
probabilistic parameters discussed above, only the persistence
probability is explicitly used, following [42]. Additionally, a
sensor-dependent constant, referred to as the trust probability,
is introduced to reflect the overall reliability of the sensors.
However, detection and birth probabilities are not explicitly
formulated at the fusion level. In this sense, the fusion pro-
cess does not account for the spatial context in which tracks
emerge, such as their proximity to FoV boundaries, even
though such information may be relevant for assessing track
existence.

Moreover, [35] and [36] rely exclusively on Dempster-
Shafer (DS) theory for existence probability fusion. However,
the application of Dempster’s rule beyond the combination of
belief constraints has been subject to criticism—particularly
when independent belief estimates from multiple sources are
fused cumulatively. Recognizing this limitation in the context
of track existence fusion within a sensor-to-global architec-
ture (i.e., T2TF with memory), we previously proposed a
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novel hybrid two-step framework [38]. The method combines
Dempster’s rule for sensor-to-sensor fusion with a cumulative
fusion rule at the sensor-to-global level. For a detailed descrip-
tion, the reader is referred to [38].

In this paper, we extend that framework by introducing
advanced probabilistic sensor-parameter models that more ac-
curately capture and integrate sensor characteristics. The main
contributions are summarized as follows:

® We propose a field-of-view-aware tracking model, anal-

ogous to persistence and detection probabilities, which
additionally accounts for target velocity.

® We introduce a complementary birth model that incorpo-

rates the spatial context in which new objects are likely
to appear.

® We reformulate the basic belief assignments presented

in [38] to integrate these sensor-dependent characteris-
tics into the two-step track-to-track existence probability
fusion framework.

The proposed approach enables faster track confirmation
and more effective false-track suppression, thereby improv-
ing the robustness and reliability of track-to-track fusion in
automotive perception systems. The rest of the paper is or-
ganized as follows. The theoretical background of the topic
is summarized in Section II. The final existence probability
fusion method, extended with the proposed sensor model, is
detailed in Section III. The experimental setup is described
in Section IV, and the evaluation results are presented in
Section V. Finally, the conclusions are drawn, with a brief
outlook for future work, in Section VIII.

Il. THEORETICAL BACKGROUND

This section presents the theoretical foundations for fusing
the existence probabilities of tracks obtained from multiple
independent sources. Consider a tracking system comprising
two independent sensors, i and j, observing a target x’. Let
x]té and x;j denote the local tracks provided at the k-th time
by sensors i and j, respectively, corresponding to the target

x'. The objective is to determine the existence probability

p(EIx,t{f ) of the fused track x]if. Since most tracking algorithms
incorporate an integrated estimation of track existence prob-
ability, as discussed in Section I-A, a clear approach is to
combine the sensor-level existence probabilities p(EIxZ) and
p(EIx;(j) associated with x,’(" and x,t{j.

The fusion of these probabilities can be performed accord-
ing to two principal strategies: sensor-to-sensor and sensor-
to-global, illustrated in Fig. 1(a) and Fig. 1(b), respectively.
In the sensor-to-sensor strategy, asynchronous sensor tracks
are buffered for several cycles and fused at the fixed sampling
rate of the fusion module. This approach constitutes a purely
feedforward architecture without feedback or persistent global
memory. In contrast, the sensor-to-global strategy maintains
global tracks over time and fuses incoming local sensor tracks
with these stored global representations rather than directly
with other local sensor tracks. For this reason, the sensor-
to-global approach is commonly referred to as track-to-track
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(a) Sensor-to-sensor strategy

(b) Sensor-to-global strategy

FIGURE 1. lllustration of the different track-to-track fusion strategies with asynchronous sensor data. Dashed lines indicate that the corresponding track

is predicted for the cycle they point to.

fusion with memory. Owing to the global representation, the
sensor-to-global strategy offers structural advantages over the
simpler sensor-to-sensor approach.

Dempster—Shafer theory, as a generalization of Bayesian
probability, was first applied to existence probability fusion by
Aeberhard et al. [35], employing belief fusion within a sensor-
to-sensor framework. The method was subsequently extended
to a sensor-to-global architecture in [36]. The following
subsections introduce the fundamentals of Dempster—Shafer
theory in the context of track existence probability fusion
and present its derivation to both the sensor-to-sensor and
sensor-to-global fusion strategies.

A. DEMPSTER-SHAFER THEORY

Dempster—Shafer belief fusion generalizes Bayesian probabil-
ity by assigning belief masses to all subsets of the hypothesis
space rather than restricting probability to single, mutually ex-
clusive hypotheses. Let X denote the hypothesis space defined
as X = {3, 3}, where 3 and 3 represent the hypotheses corre-
sponding to track existence and non-existence, respectively.
The associated power set 2X consists of all possible subsets of
X:

= {0, (3% (3}, 3.9}, (1)

where 3, 7 denotes the composite (uncertain) hypothesis. By
explicitly allowing belief mass to be assigned to this set,
Dempster—Shafer theory provides a more expressive represen-
tation of uncertainty than classical Bayesian probability. Then,
a belief mass m(a) is assigned to each « € 2¥ such that the
following conditions hold:

m@) € [0, 1] Am@) =0A Y ma)=1. (2

ae2X
This mapping is called the basic belief assignment (BBA). To

combine information from multiple sources, the BBAs must
be fused. Dempster’s rule [37] defines an optimal operator to
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fuse belief constraints of different sources as follows:

Yy —a M (BIM (1)

L= Y gy g (B ()
3)

m/ (@) = (m & m))(@) =

where mk and mk denote the BBAs at time k assomated with

the local tracks xk and xk , respectively, and mk represents the
resulting fused belief mass. Since the track management relies
on the single-hypothesis Bayesian existence probability, it is
computed from the fused belief masses as

"
p@Ex)) = m{ (@) + 7y (3, . “)

The derivation of Dempster’s rule for the existence probability
fusion in the sensor-to-sensor and sensor-to-global strategies
is presented in the following subsections, along with the cor-
responding BBAs.

B. BBA OF SENSOR-TO-SENSOR STRATEGY

Dempster’s rule was first applied for existence probability
fusion by Aeberhard et al. [35], exposing the BBA for a
sensor-to-sensor strategy. According to [35], the mass beliefs
of a local track, x,’(", from sensor i are defined as

(3D = Phruse * Phers &) - P} 5)
M (D) = Dhrust - Phers @) - (1= pAxi) (6
mi((3,3) = 1 — (m (3D +mi (D). (7)

where pl . denotes the trust probability of sensor i, and

Ppers(¥) represents the persistence probability of the target as

a function of its state, evaluated at the ﬁ;f " fused state estimate.
The underlying state fusion process is beyond the scope of this
paper; further details can be found in [44]. The trust probabil-
ity in [35] was defined as a sensor-dependent constant, and the
persistence probability was given by the position of the tracks
relative to the sensor FoV boundaries.
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It may occur that no track from sensor i is assigned, through

. . tj .
data association, to the track xk’ of sensor j. Such an unas-
signment may result from a misdetection at sensor i or from

xltc/ being a false track. This unassignment event is explicitly
reflected in the corresponding BBA formulation:

mi({(3) =0 ®)
D = Pl Phers (£ ©)

. . . y

MR = 1= Pl Phew (3) . (10)
. . N

Note that, in case of two sensors, under unassignment xlf =

A . . . .

xk’ , as no corresponding track, nor state estimate is available

. . t .

from sensor i. Then, the BBA mz () and mk’ (+) of the track x]i’
1 . . . .

and xk’ from sensor i and sensor j, respectively, are fused into

m;{f (+), following the DS rule in (3).

C. BBA OF SENSOR-TO-GLOBAL STRATEGY

Subsequently, Dempster—Shafer theory was extended to the
sensor-to-global strategy in [36], which maintains fused
global tracks over time and predicts them from the k—1-th
cycle to the k-th cycle, as illustrated in Fig. 1(b). In this
framework, a priori belief masses are assigned not only to
the local tracks but also to the predicted global track xltfl 1

m (@) = A —y)-mf (3D an
mle (@) =0 —y) mé (B (12)
g (3D = 1=l (@) +miy_ (). (13)

where y denotes the prediction weight, which increases the
uncertainty during the prediction step. It may be chosen as a
constant (typically y ~ 0), but is more commonly modeled as
a function of the time elapsed between the (k— 1)-th and k-th
cycles, such that longer prediction intervals yield larger values
of y.

After prediction, local sensor tracks are asynchronously
associated with the predicted global tracks and fused accord-
ingly. Specifically, when a local track x]t(" is associated with the
global track x,tfl «—1» the a priori BBA defined in (11)—(13) is
updated by combining it with the BBA of x,’{i given in (5)—(7)
using Dempster’s rule in (3). If no local track from sensor i
is associated with x;j 1 the predicted global track is instead

fused with the BBA corresponding to the unassignment event
defined in (8)—(10).

IIl. PROPOSED METHOD

In our previous work [38], we introduced a hybrid two-step
existence probability fusion scheme, depicted in Fig 2, which
combines the sensor-to-sensor and sensor-to-global strategies.
The input to the fusion process is the so-called fused meta-

track, x,if , obtained from the tracks belonging to the cluster
C,[{f. Note that in the example, depicted in Fig. 2, only two
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FIGURE 2. The illustration of the two-step track existence probability
fusion in [38] extended with the proposed tracking and birth models.

tracks of the two sensors comprise the cluster C,t{f . For clarity,
the example shown in Fig. 2 depicts a cluster comprising
two tracks from two sensors; however, the proposed method
is generic and not restricted to a two-sensor configuration.
The data association and clustering procedures are beyond the
scope of this paper; the reader is referred to [38] for details.
In the first step, a conventional sensor-to-sensor fusion
is performed using the Dempster—Shafer framework, as de-

scribed in Sections II-A and II-B. This step determines the
m;f belief masses for the meta-track x,if . In the second step,

the belief masses of the meta-track are combined with the
a priori BBA m;f of the predicted global track according to
(11)—(13). However, considering the limitations of Dempster’s
rule when the fused sources do not constitute independent
belief constraints [45], the cumulative fusion rule is employed
instead. In [38], we demonstrated that the performance of the
two-step hybrid approach exceeds that of the conventional
one-step fusion using Dempster’s rule.

However, the method in [38] relied on a simplified sensor
model in which sensor-dependent BBA parameters were rep-
resented by uniform constant values. In the present work, the
two-step hybrid framework is extended by incorporating prob-
abilistic tracking and birth models to improve performance
through faster track confirmation and enhanced false-track
suppression. The tracking model characterizes target observ-
ability across sensors, explicitly accounting for geometric
constraints in cases of missed detections. The birth model
describes the spatial likelihood of new track initiation, i.e.,
the regions where targets may enter the surveillance area.
The proposed tracking and birth models are detailed in
Sections III-A and III-B, respectively.

A. TRACKING MODEL

The proposed tracking model characterizes the probability
p’t'rack(i) that a track with state X can be observed and main-
tained by sensor i, analogous to the detection probability in
centralized tracking systems. This formulation allows the fu-
sion process to account for situations in which a sensor does
not contribute to a meta-track during the sensor-to-sensor step
due to its limited FoV. Consequently, the fused existence be-
lief mZ (3) is not degraded as a result of misdetection outside
the observable region. Within the proposed framework, the
persistence probability is reformulated as the tracking prob-
ability by replacing ppers With the proposed pyrack in the BBA
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expressions given in (5)—(7) and (8)—(10). The fusion step is
then carried out according to Dempster’s rule in (3).

The tracking probability pirack (%) is modeled as a function
of the target position p and velocity v relative to the FoV
boundaries of sensor i. The target position p = [px, py]T and
velocity v = [vy, vy]T, expressed in longitudinal and lateral

coordinates, are obtained directly from the state estimate ﬁ;f
of the meta-tack, as the state space is defined as:
T
f=[p v opow] . (14)
The sensor FoV, denoted by F;, is modeled as a set of annular
sectors F; = {vl.(l), vl.(z), R vi("")}, each defined by angular
limits [Omin, Omax] and range limits [7min, 7max]. For notational
simplicity, sensor and target indices are omitted in the follow-
ing.
First, the proximity of a target to the boundaries of an arbi-
trary v annular sector is calculated using the signed distance
function, dse(p, v) defined as

ifpev

— min{draq(p, v), dang(p. v)} 15)

d b =
sg(p v) min{dq(p, v), dang(p’ V)

else

unifying the distance to the two types of boundaries: the d,q
radial distances to the range limits (circular edges) and the
dang Euclidean distances from the angular edges. Let 7 = ||p/|
and 6 = atan2(p,, p,) denote the polar coordinates of the
track. Then, the radial distance to the v annular sector with
rmin and rmax range boundaries is computed as

draa(P, v) = min (|r — rminl, [ 7 — Fmax|) , (16)

The distance dang to the angular boundaries is defined simi-
larly as

dang(pa V) = min (dang(p7 BOmin ) dang(pa Omax )) s (17)

where the dang(p, ) angular distance to a specific angular
edge 6 is computed as

ifrmn <r <
dang(p7 0) = ¥ fmin = 7= Fmax

—pxsin® + pycos 0
o) otherwise

(18)

where the second case indicates that the distance r is outside
the range interval [7min, 7max]; in this case, setting dang(p, )
to oo ensures that dsg(p, v) = draa(p, v).

The proposed model accounts not only for the target’s po-
sition relative to the FoV boundaries but also for its velocity.
The underlying rationale is that targets that have already been
within the FoV typically remain tracked for a short period,
even after crossing the boundary and leaving it. In contrast,
targets that are just entering the FoV require track initializa-
tion, during which reliable perception is less likely. To capture
this asymmetric behavior, we introduce the FoV boundary-
relative velocity vj,, defined as the component of the target
velocity directed toward the interior of the FoV:

vin(v) =1, - v, 19)
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where fi, denotes the normal vector of the FoV boundary
determined from the gradient of the signed distance function
dsg(p, v) with respect to the target position p as

il = —Vdy(p, v). (20)

This boundary-relative velocity, vj,, allows us to distinguish
between targets entering and exiting the FoV. A positive value
indicates motion toward the interior of the FoV (i.e., entering),
whereas a negative value corresponds to motion away from it
(i.e., exiting).

The tracking probability py,ck (£, v) associated with a sin-
gle annular FoV sector v is defined separately for points inside
and outside the sector. It is determined by the signed distance
function d, in (15) and the direction of motion vj, according
to (19), as follows:

inside the sector (dsg < 0) :
Py (ldsgl) if |dsg| <6 A vjp > 0

Prax otherwise

Dirack (£, V) = (21)

outside the sector (dsz > 0) :
Py(ldsgl)  if |dsgl <8 Avip <0

Puin otherwise

where Ppin and Ppnax define the minimum and maximum
probability values. While Py and P, denote the transition
functions, inspired by [36], describing the change in the prob-
ability near the FoV boundaries as

- ln(a)(dsg_(g)
P, (dsg) = Prin + (Pmax — Pmin) €Xp d— (22)
s
—In(ar) dgg
Py (dsg) = Pmin + (Pmax — Pmin) €Xp 2. —s5 | (23)
sg

where « and § denote the slope parameter and the boundary
threshold, respectively. The evolution of the tracking proba-
bility in the vicinity of the FoV boundaries for the two cases
(i.e., entering and leaving the FoV) is illustrated in Fig. 3. As
shown in Fig. 3(a), in the leaving scenario, the tracking prob-
ability decreases once the target crosses the FoV boundary.
In contrast, for entering targets, the tracking probability in-
creases only after the boundary has been crossed, as depicted
in Fig. 3(b).

Finally, the overall tracking probability p{rack()é) of sensor i
is defined as

: tio. i
if 3x) 1 x) € C,
otherwise.

Pmax»

max Pyrack (£, v),
veF;

i

Plack ) = (24)

The first case applies when the cluster C,tf of the meta-track

t . . . . . .
x]f contains a local track x,tc’ from sensor i. In this situation,

the tracking probability is treated analogously to a detection
event: since sensor i actively contributes a track to the meta-
track, it is assumed to track the corresponding target with a
constant Ppax probability. In contrast, when no track from

VOLUME 7, 2026
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FIGURE 4. lllustration of the overall theoretical tracking probability of the sensors used in the experiments with v;, > 0.

sensor i is included in the meta-track x,t{f , the tracking prob-
ability reflects potential observability rather than an actual
contribution. In this case, a theoretical tracking probability is
computed as the supremum of the sector-wise probabilities
Ptrack(X, v) over all annular sectors comprising the FoV. This
geometric model quantifies the potential observability of the
target by sensor i at state £, even when no corresponding local
track is available. The resulting overall theoretical tracking
probability for the sensor configuration used in the experimen-
tal setup is illustrated in Fig. 4. As shown, the camera exhibits
a lower peak tracking probability than the radar, which also
features a dual-range FoV.

B. BIRTH MODEL

Using the revised tracking model alone may increase the
occurrence of false tracks. Consider the case where sensor i
generates a false local track xZ in a region outside the FoV of

sensor j. Owing to the low tracking probability p{ra (%), the
fused belief mlt{f (3) may remain high even though both xZ and

the resulting fused meta-track xlt{f are false. To mitigate this
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effect, the proposed birth model characterizes the spatial like-
lihood of new track appearances via the probability ppixn (),
highlighting where targets may enter the surveillance area.

Similarly to the tracking probability described earlier, the
proposed birth probability ppih (£) is also formulated relying
on the position p and the velocity v of the targets, again
obtained from the state estimate f;(f of the fused meta-track.
First, the birth probability ppi, (£, v) for an arbitrary annular
sector v is calculated similarly to py,ck (£, V) as

Py(ldly)) if |dl| < 8 A vin >0

pbir[h(xAv U) = - ) (25)
Prin

otherwise

reusing the transition function P; defined in (22), along with
the subsequent computations introduced in Section III-A. In
contrast with pg,ck(X, v) in (21), (25) considers that new
targets must move towards the FoV, i.e., those with v;, > 0;
otherwise, ppirh(X, V) is set to a low value Ppi,. To accom-
modate scenarios in which a newly appearing target is not
immediately perceived and tracked by the sensor (e.g., distant
targets), Pnin should not be set to zero. This allows temporally

1435



BOKA ET AL.: NOVEL SENSOR MODEL-BASED OBJECT EXISTENCE PROBABILITY FUSION FOR AUTOMOTIVE

0 0.2 0.4 0.6 0.8 1
50 — Camera FoV
Radar FoV
0
-50 v
0 50 100 150 200

Longitudinal Distance [m]

FIGURE 5. lllustration of the overall birth probability map.

consistent tracks with high existence probability to emerge be-
yond the FoV boundary. In (25), the modified signed distance
dgg is defined as dsg + A, where A denotes an offset. The
reason behind this offset is to ensure that the birth probability
reaches a certain level £ - Pmax already at the FoV boundary
(dsg = 0), supporting fast track confirmation in close proxim-
ity to the boundary. The offset is determined accordingly from
the transition function P as
In(R) - §

A= —— (26)
In() + In(R)

where R yields

_ £'Pmax — Prin
Prmax — Pmin

where £ is set to 0.9 so that the birth probability already

reaches 90% of Ppax at the FoV boundary. Then, the birth

prob.ability p{)mh()é) with.respect tq sensor i is taken as the
maximum of the sector-wise probabilities:

R ; 27

Phin (%) = max pyin (£, v) (28)
veF;

similar to (24). However, as seen in Fig. 2, in the second step
of the fusion process, i.e, meta-to-global, the a priori belief

masses mjfl «—1 () are no longer fused with the sensors, but
13 .
the BBA mkf of the meta-track. Therefore, the overall birth

iy A . .
probability pbirth(xkf ) is computed as the maximum over the
set of sensors S:

poirn () = max phian () - (29)
The overall birth probability map of the experimental sensor
set is depicted in Fig. 5.

The question arises how to incorporate the birth probability
defined in (29) into the belief assignment. Directly reducing
the belief mass mZV(EI) according to pbmh()ﬁg ) would indeed
suppress false tracks in regions where spontaneous target ap-
pearance is unlikely. However, such a modification should
affect only newly emerging tracks. To this end, track man-
agement distinguishes between tentative and confirmed global
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tracks. Each newly initialized global track is labeled as tenta-
tive. For meta-tracks assigned to a tentative global track xltf ,

the fused belief masses mZ () are adjusted as

m! ((3) = prirn®) - m; (3D (30)
! (1B = m! (B) + A = poien(®) - m (3D G
m! (13, 3) =1 — i/ (3 +m (H) (32)

before fusing with the a priori BBA m;j «— Of the according to
the cumulative rule. A tentative global track x,tf is confirmed

once its probability of existence p(Eletf) exceeds a predefined
high threshold pZ . (typically p3 .. > 0.9). After confirma-

tion, the birth model is no longer applied; specifically, it is
replaced by ppirh(£) = 1.

IV. EXPERIMENTAL SETUP

The experimental analysis is performed on a conventional
forward-looking ADAS perception system, including an auto-
motive Mobileye smart camera and a Continental ARS408-21
radar, both providing tracked objects. The ARS408-21 is a
dual-mode radar (see Fig. 4(a)), featuring a near-range scan
zone with a £60° field of view (FoV) up to 70 meters, and
a far-range scan zone extending up to 200 m with a narrower
+9° FoV. The Mobileye camera provides a £20° FoV with a
maximum detection range of 120 meters. The radar operates
at 12 Hz, while the camera provides measurements at 9 Hz.
Although the camera internally tracks a larger number of
objects, due to communication bandwidth limitations, at most
four tracks are transmitted. In contrast, the radar provides up
to 50 tracks.

The evaluations are conducted in a high-fidelity simulation
framework and using real-world measurements. First, two
edge ADAS scenarios—an ACC (Adaptive Cruise Control)
cut-in and an AEB (Autonomous Emergency Braking) full
stop—are simulated using IPG CarMaker. The simulated tra-
jectory represents a double-lane highway section bounded by
guardrails, comprising a 900 m straight segment followed by
a 90° circular arc with a radius of 750 m. Each scenario spans
40 seconds and involves six surrounding traffic participants, as
illustrated in Fig. 6. In the ACC scenario, a peer vehicle cuts in
between the ego vehicle and the target vehicle, forcing the ego
vehicle to decelerate, while four additional vehicles contribute
to a realistic traffic environment. The AEB scenario is more
complex and dynamic, including an ego-vehicle lane change.
Initially, the ego vehicle follows a leading vehicle, then per-
forms a lane change to an adjacent lane behind two other
vehicles. After approximately 400 m, these vehicles change
lanes, revealing a stationary obstacle ahead. The ego vehicle
decelerates and eventually stops behind the obstacle, while
additional vehicles pass in the adjacent lane. The correspond-
ing sensor data, i.e., tracked objects of the two smart sensors,
are generated using the high-fidelity simulation framework
in [46], which accounts for several sensor uncertainties, in-
cluding missed and false detections and measurement noise.
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ego vehicle, respectively.

The real-world measurements are collected on the M1/M7
highway near Budapest under clear weather conditions during
typical weekday afternoon traffic. As the raw image stream
of the Mobileye camera is not accessible, the measurement
platform was augmented with a synchronized monocular Go-
Pro camera to support the evaluation alongside the radar and
smart camera outputs. For the analysis, an approximately
8000-frame segment (about 130 seconds recorded at 60 FPS)
was selected, intentionally covering dense traffic situations
and dynamically challenging scenarios, including frequent
lane changes and stationary vehicles in the emergency lane.
The ground truth, i.e., the reference trajectories, was obtained
through a semi-automatic annotation procedure based on [47].
The quantitative analysis is limited to a longitudinal distance
of 90 m due to the increasing depth estimation uncertainty of
the monocular camera, making reliable annotation challeng-
ing at long distances. In the lateral direction, the evaluation
area is confined to =20 m, since objects outside this corri-
dor are typically disregarded by ADAS trajectory planning
functions. Within this region, the ground-truth dataset con-
tains 34,174 annotations corresponding to 26 distinct traffic
participants, including passenger cars, trucks, and buses.

The evaluation is performed by computing the common
object detection and multi-object tracking metrics, such as
the precision, recall, F1 score, and MOTA. First, the result-
ing confirmed global tracks are associated with the reference
objects of the ground truth, relying on the Kuhn-Munkres al-
gorithm. The assignment is performed within cutoff distances
of 10 and 1.5 meters in the longitudinal and lateral direc-
tions, respectively. An assignment between a fused track and
a ground truth object is counted as a true positive, unassigned
tracks are treated as false positives, and ground truth objects
without corresponding tracks are considered false negatives.
Precision and recall are then computed as

. TP
Precision = ———— , (33)
TP+ FP
TP
Recall = ——, (34)
TP+ FN
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reflecting false detection suppression and detection complete-
ness, where TP, FP, and FN denote the total number of true
positives, false positives, and false negatives, respectively. The
F1 score, defined as

_ 2 Precision x Recall

Fl1= , (35)

Precision + Recall

i.e., the harmonic mean of precision and recall provides an
overall measure of detection performance. In addition, the
MOTA metric evaluates conventional tracking quality, ac-
counting for object identity consistency:
FN + FP + IDS
MOTA = | — L P78 I
TP+ FN

where /DS represents the number of identity switches across
tracks.

(36)

V. PARAMETER IDENTIFICATION AND SENSITIVITY
ANALYSIS

The parameters of the proposed tracking and birth models
are systematically identified for both sensors. Since the four
parameters—namely the minimum and maximum probabili-
ties, Pmin and Ppax, the boundary threshold &, and the slope
parameter o—are statistically correlated, making the joint
identification of all parameters challenging. Therefore, Ppin
and Pp,x are fixed based on the following considerations.
The minimum probability Ppi, for both the tracking and birth
models is set to a small but nonzero value of 0.05. This
choice ensures the gradual suppression of tracks outside the
effective surveillance region, while still allowing confirmation
of objects that do not strictly lie at the FoV boundary. For
the birth model, the maximum probability Ppn,x is set close
to 1 for both sensors to enable rapid confirmation of newly
appearing objects near the FoV limits. The maximum tracking
probability Ppax is explicitly determined by evaluating the
tracking performance (i.e., recall) of the sensors. The radar
can confidently detect and continuously track most targets,
resulting in a relatively high probability value of 0.95. In
contrast, the camera’s peak tracking probability is limited
to 0.85, reflecting its practical constraint of transmitting at
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TABLE 1. Results of the Parameter Sensitivity (p-Value) Analysis

TABLE 2. Parameters of the Proposed Models

Tracking Model Birth Model

Tracking Model Birth Model

Sensor ) a ) a Sensor  Pupin  Pmax 6 a Prin  Pmax 0 e
Camera 4.54-10"1% 6.05-10"4 0.7457 1.31-1074 Camera  0.05 0.85 359 091 0.05 098 569 0.83
Radar 0.3764 0.5890 6.88-10"° 6.54-10"22 Radar 0.05 095 395 0.77 0.05 098 342 0.99

The bold values indicate the parameters with a significant (p<0.05) impact

most 4 tracks. The boundary threshold § and slope parameter
« are then identified via Monte Carlo simulation using the
simulation framework described in Section IV. Specifically,
for both ADAS scenarios illustrated in Fig. 6, tracked objects
from the smart camera and radar are simulated using the
end-to-end framework in [46]. A total of 120 parameter sets
were generated within the ranges of § € [1, 7]and @ € [0.6, 1]
using Latin Hypercube Sampling (LHS), ensuring a space-
filling coverage of the parameter domain. The fusion output
of each simulation is evaluated using the metrics described in
Section IV, namely recall, precision, F1 score, and MOTA.
To obtain a more representative dataset, results from the ACC
cut-in and AEB scenarios are combined. Finally, the optimal
parameter values are selected by maximizing the F1 score,
which serves as the overall performance metric for the fusion.

Based on the results of the Monte Carlo simulation, a
parameter sensitivity analysis is conducted by fitting a lin-
ear regression model to the identified parameters § and «.
The detailed outcomes of this regression are presented in the
Appendix. The present discussion is restricted to parameter
sensitivity, as quantified by the p-values reported in Table 1.
The radar tracking model parameters have a limited impact
on fusion performance compared to those of the camera. In
contrast, for the birth model, the radar parameters exhibit a
more pronounced influence than the camera parameters. This
behavior can be explained by the sensor fields of view (FoVs)
shown in Fig. 5. Targets passing the ego vehicle appear in
the radar’s wide-angle, near-range scan zone. Consequently,
the parameter identification favors rapid track confirmation,
resulting in a high slope value, while the boundary parameter
is chosen to be sufficiently large to allow track confirmation,
yet low enough to suppress false tracks. Conversely, the model
must account for regions not covered by the camera, i.e.,
where radar-only tracks may occur; therefore, the camera’s
tracking model parameters have a more significant impact
on overall fusion performance. Overall, the optimal param-
eter set achieves an F1 score of 96.85%, whereas the least
effective configuration attains 91.73%, indicating that high
performance is maintained even under suboptimal parameter
choices. The resulting parameter set for the proposed models
is summarized in Table 2, where bold entries indicate the
identified parameters.

The trust probability pyys of the sensors are adopted from
our previous work in [38], as it is not part of the present
models. These values were tuned empirically based on the
following considerations. For the camera, pyyg s set to 0.99,

1438

reflecting that it provides at most 4 tracks with a very low
false-detection rate. For the radar, it is set to 0.85 to account
for its higher susceptibility to false detections from environ-
mental structures, such as guardrails and highway overpasses.

VI. RESULTS

The proposed existence probability fusion method, compris-
ing the probabilistic tracking and birth models, is evaluated
through the following experiments:

e evaluation in two simulated ADAS edge scenarios, as
discussed in Section VI-A;

e evaluation using real-world measurements collected on a
highway section, as presented in Section VI-B;

® an ablation study to assess the individual contributions
of the proposed tracking and birth models, as described
in Section VI-C.

The performance of the proposed sensor model is compared

with two reference approaches:

e the uniform model from our previous work [38], which
assumes a constant tracking probability across the entire
surveillance area; and

e the FoV-aware persistence probability model [35], [42],
which reduces the persistence probability near the
boundaries of the FoV.

As discussed earlier, the proposed sensor models are
integrated into the two-step existence probability fusion
framework introduced in our previous work [38]. Their im-
pact is evaluated using the performance metrics defined in
Section IV, and compared against the aforementioned base-
line approaches, each substituted into the same two-step
fusion structure in place of the proposed model. To further
assess the influence of the sensor modeling, the same com-
parison is conducted within the one-step existence probability
fusion scheme based on Dempster’s rule, as presented in [36].

A. SIMULATION RESULTS
First, the evaluation is performed on the two edge ADAS
scenarios illustrated in Fig. 6 simulating the sensor data us-
ing [46], as described in Section IV. It should be mentioned
that the parameter identification is performed on the same sce-
narios, but the sensor disturbances differ between runs due to
their stochastic realization. The resulting performance metrics
evaluations on the ACC and AEB scenarios are summarized
in Tables 3 and 4, respectively.

In the ACC scenario, the proposed model within the two-
step fusion framework achieves a substantial improvement
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TABLE 3. Evaluation Results of the Simulated ACC Scenario (Fig. 6(a))

TABLE 5. Evaluation Results of Real-World Measurement

. Precision Recall F1 MOTA . Precision Recall F1 MOTA
Fusion Model Fusion Model
[%] [%] [%] [%] [%] [%] [%] [%]
Uniform [38] 98.96 81.14 89.17 80.27 Uniform [38] 97.66 79.55 87.68 77.63
Two-step Two-step
38] FoV-aware [42] 82.59 95.73 88.68 75.53 (38] FoV-aware [42] 90.97 87.94 89.43 79.21
Proposed 97.12 94.75 95.92 91.92 Proposed 97.97 87.86 92.64 86.03
Uniform [38] 98.33 80.64 88.61 79.23 Uniform [38] 95.10 73.34 82.78 69.46
One-step One-step
(36] FoV-aware [42] 57.86 86.31 69.28 23.40 [36] FoV-aware [42] 82.29 77.83 80.00 61.05
Proposed 85.78 87.57 86.67 73.03 Proposed 96.54 79.41 87.14 76.55

TABLE 4. Evaluation Results of the Simulated AEB Scenario (Fig. 6(b))

Fusion Model Precision Recall Fl1 MOTA
[%] [%] [7] [%]

Uniform [38] 97.94 85.03 91.03 83.19

Two-step

(38] FoV-aware [42] 86.98 94.36 90.52 80.21
Proposed 96.84 94.13 95.46 91.04
Uniform [38] 96.15 84.07 89.70 80.66

One-step

36] FoV-aware [42] 64.15 87.82 74.18 38.74
Proposed 93.54 89.56 91.51 83.34

over both baseline approaches. Compared to the FoV-aware
persistence model, the proposed method increases precision
by more than 14%, while maintaining a high recall close to the
FoV-aware approach. This indicates that the proposed birth
model effectively suppresses false tracks without significantly
compromising tracking capability. In comparison to the uni-
form model, the proposed approach improves recall by more
than 13% thanks to the tracking model accounting for the
limited camera FoV in the near-range zone, while only slightly
reducing precision. As a result, the proposed model achieves
the highest overall performance, exceeding the baseline meth-
ods by 6.75% and 7.24% in F1 score, and by 11.65% and
16.39% in MOTA, respectively.

A similar trend can be observed in the one-step fusion
framework. While the uniform model yields the highest pre-
cision (98.33%), it suffers from limited recall. In contrast,
the proposed method improves recall by nearly 7% compared
to the uniform model. However, its precision falls short of
the uniform model due to a false track appearing near the
radar’s FoV boundary; thus, it is confirmed by the birth model.
Compared to the FoV-aware model, the proposed approach
achieves a significant precision gain of nearly 28%, highlight-
ing its robustness against false tracks generated by guardrails
thanks to the birth model. Consequently, the proposed model
improves the F1 score by 18.06% and 1.06%, and the MOTA
metric by 49.63% and 6.20% relative to the FoV-aware and
uniform models, respectively, demonstrating a clear advan-
tage in overall tracking performance.

In the AEB scenario, the superiority of the proposed model
becomes even more pronounced. Within the two-step fusion
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framework, the proposed approach achieves a balanced and
high performance across all metrics, improving precision by
approximately 10% over the FoV-aware model while main-
taining a comparable recall. Compared to the uniform model,
it significantly increases recall by more than 9% with only a
marginal decrease in precision. This leads to the highest F1
and MOTA scores, outperforming the baseline approaches by
up to 4.94% and 10.83%, respectively.

The same tendency is reflected in the one-step fusion
results for the AEB scenario. The proposed model consis-
tently achieves the best trade-off between precision and recall,
improving precision by more than 11% compared to the
FoV-aware model and by 2.39% compared to the uniform
approach. Furthermore, it provides the highest recall among
the evaluated methods. As a result, the proposed method sur-
passes the baseline models by 17.33% and 1.81% in F1 score,
and by 44.60% and 2.68% in MOTA, respectively.

Overall, the simulated results confirm that the proposed
model consistently provides a more favorable balance be-
tween false track suppression and track confirmation capabil-
ity across different scenarios and fusion architectures. This
leads to significant improvements in tracking performance,
particularly in challenging conditions where the limitations of
the field of view play a crucial role.

B. REAL-WORLD MEASUREMENT RESULTS

Besides the simulation scenarios, the evaluation is also
performed using real-world measurements, as discussed in
Section IV. The performance metrics of this evaluation is
summarized in Table 5. According to these evaluation metrics,
the proposed model achieves a 7% improvement in precision
over the FoV-aware persistence model, indicating superior
false-track suppression. This improvement stems from the
ability of the proposed birth model to attenuate the existence
probability of tracks appearing in regions distant from the
FoV boundaries. As illustrated in Fig. 7(a), relying solely
on the FoV-aware persistence model, as in [42], allows false
tracks generated by the guardrail on the left to be confirmed,
since this area is not covered by the camera. Although the
uniform model already attains a high precision of 97.66%,
the proposed approach further increases it by 0.31%. In terms
of recall, the proposed method surpasses the uniform model
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FIGURE 7. Qualitative comparison of the evaluated sensor models illustrated by the confirmed tracks represented with the icons in the bird’s-eye-view
plane (UFO symbols indicate unknown object classifications, since the radar does not provide class information).

by more than 8%, owing to the tracking probability formu-
lation that explicitly accounts for the limited FoV angle of
the camera relative to the radar. This enables confirmation of
tracks within the wider near-range scan zone of the radar, as
highlighted in Fig. 7(b) by the UFO icon on the left. While the
recall of the proposed method is slightly lower than that of the
FoV-aware persistence model, it still outperforms both base-
line methods in the overall detection and tracking indicators,
achieving gains of 4.96% and 3.21% in F1 score, and 8.40%
and 6.82% in MOTA, respectively.

A similar tendency is observed within the one-step fusion
framework of [36]. In this case, the proposed model further
enhances false track suppression compared to the uniform and
FoV-aware approaches, yielding precision gains of 1.93% and
14.74%, respectively. Moreover, it achieves the highest recall
(79.24%), demonstrating improved track confirmation capa-
bility. Consequently, the proposed model exceeds the baseline
methods by 4.46% and 7.24% in F1 score, and by 7.35% and
15.76% in MOTA, respectively.

Although some differences can be observed between the
simulation and real-world evaluation results, the results ob-
tained from real-world measurements confirm the same ten-
dency as in the simulation studies. In particular, the proposed
model improves overall detection and tracking performance
compared to the baseline approaches, while maintaining
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stable precision levels despite the increased complexity and
noise of real driving data. These findings demonstrate that
the advantages of the proposed models generalize beyond
simulated environments and remain effective under realistic
measurement conditions. The slightly lower recall observed
in the real-world experiments can be attributed to the higher
complexity of the highway scenario, which involves dense
traffic conditions compared to the limited number of six tar-
gets considered in the simulation setup.

C. ABLATION STUDY

Finally, an ablation study is conducted on the real-word
measurements to analyze the individual contributions of the
proposed tracking and birth models. To this end, the proposed
method is evaluated by separately ablating each component:
removing the birth model substitutes ppi, = 1 into (30)—(31),
while removing the tracking model replaces pgack With a
uniform P,y according to Table 2, as in [38]. The study is
limited to the two-step fusion framework shown in Fig. 2, and
the results are summarized in Table 6.

When the birth model is removed, a noticeable decrease in
precision is observed (-5.70%), while recall remains largely
unaffected (+0.14%). This indicates that the birth model pri-
marily contributes to suppressing false tracks, considering that
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TABLE 6. Results of Ablation Study

Precision Recall F1 MOTA
Setup
[%] [%] [%] [%]
. 92.27 87.90 90.03 80.53
w/o Birth Model
(-5.70) (+0.14) (-2.61) (-5.50)
. 97.70 79.64 89.43 79.21
w/o Tracking Model
(-0.27) (-8.22) (-4.89) (-8.27)

The values in parentheses denote the change compared to the metrics of
the proposed model in the two-step fusion framework in Table 5.

new targets may emerge at the edges of the FoVs. Its absence
leads to an increased number of false positives, which also
results in a degradation of the F1 score (-2.61%) and MOTA
(-5.50%). In contrast, removing the tracking model has more
impact on recall, which drops by 8.22%, while precision re-
mains almost unchanged (-0.27%). This highlights that the
tracking model plays a crucial role in maintaining track con-
tinuity and preventing premature track termination, thereby
improving recall by explicitly modeling regions covered by a
single sensor.

Overall, the ablation study demonstrates that the birth and
tracking models contribute in complementary ways: the birth
model enhances precision by mitigating false track initiations,
while the tracking model improves recall by supporting sus-
tained track existence. Their combined effect is essential for
achieving the overall performance gains of the proposed fu-
sion method.
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VII. DISCUSSION AND LIMITATIONS
The experimental results demonstrate that the proposed sensor
model, comprising the tracking and birth components, out-
performs both baseline methods: the FoV-aware persistence
model in [42] and the uniform model used in our previous
work [38]. A key limitation of these approaches is the absence
of a birth model, effectively assuming ppin = 1. As a result,
the FoV-aware model cannot adequately suppress false tracks,
since it does not account for the spatial likelihood of track
initiation. In particular, radar tracks in the near-range region
outside the camera FoV—including false detections caused by
guardrails—are incorrectly confirmed, leading to reduced pre-
cision. This effect is more pronounced in simulation, where
guardrails are present along the entire scene, compared to the
real-world dataset, where they appear only in limited sections.
Another distinction is that the proposed tracking model em-
ploys a unified boundary-relative distance formula, rather than
separate transition functions for angular and radial FoV limits,
and additionally incorporates target velocity. Consequently,
even without the birth model, it achieves higher precision
(92.27%) than the FoV-aware persistence model (90.97%).
Compared to the uniform model, the proposed method
significantly improves detection and tracking performance, in-
creasing recall by more than 8% while maintaining almost the
same high precision. This gain stems from the complementary
roles of the tracking and birth models, as confirmed by the
ablation results in Table 6: the tracking model supports the
confirmation of radar-only tracks in regions not covered by
the camera, while the birth model suppresses false tracks by
reducing their probability outside plausible entry regions.
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A limitation of the proposed method is illustrated by the
simulated ACC scenario, where a false track appears near the
radar FoV boundary, mimicking the entry of a new target.
As shown in Table 3, this leads to a precision drop of more
than 12% in the one-step fusion framework compared to the
uniform model. However, in the two-step fusion framework,
this false track is effectively filtered out due to the smoother
temporal evolution of the existence probability. This further
confirms that the two-step fusion approach proposed in [38]
improves not only track continuity (recall) but also robustness
against false track confirmations.

Another limitation of this work is that the experiments
are restricted to structured environments, such as highways.
Future work will therefore focus on validation in unstructured
urban scenarios. Nevertheless, high-level track-to-track fusion
methods are typically designed for structured environments.
Although the experiments consider a conventional forward-
looking ADAS sensor setup comprising a radar and a camera,
the proposed method is generic and can be extended to an
arbitrary number of smart sensors providing tracked objects
with associated existence probabilities.

VIIl. CONCLUSION

In this paper, we introduced novel sensor models that ex-
tend our previous track-to-track existence probability fusion
framework. The proposed approach comprises a probabilis-
tic tracking and a birth model. The tracking probability is
derived from the signed distance to the sensor field-of-view
boundary and additionally incorporates the target velocity,
enabling more informed handling of objects near FoV lim-
its. This formulation facilitates track confirmation in regions
covered by only a subset of the sensors. In addition, a birth
probability model is proposed to characterize areas where new
objects are likely to appear, enabling effective suppression
of false tracks in areas where spontaneous object appearance
is unlikely. Experimental results demonstrate that the fusion
framework augmented with the proposed sensor models sig-
nificantly outperforms both our earlier uniform sensor model
and an existing FoV-aware approach across object detection
and tracking performance metrics.

Future research will focus on incorporating the proposed
models into centralized multi-object tracking frameworks,
such as GM-PHD filters. Moreover, the development of an
adaptive clutter (false detection) model is planned. Finally,
deep learning techniques will be investigated to further en-
hance model adaptability and performance.

APPENDIX

The detailed results of the linear regression models fitted to
the boundary threshold § and slope parameter o are shown
in Figs. 8(a) and (b) for the camera and radar, respectively.
The partial regression leverage plots in Fig. 8, also known
as added-variable plots, illustrate the incremental effect of
each parameter on overall performance (i.e., F1 score) after
removing the influence of the remaining parameters. However,
these plots should not be interpreted to imply that a positive
regression coefficient (8) indicates that the highest parameter
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values are preferable. Rather, they show statistical correlation
and extend the insights provided in Table 1.
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