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Abstract— This paper proposes a roadside camera placement
method that directly maximizes detection and tracking per-
formance via Bayesian optimization. Conventional geometric
approaches model the sensing space explicitly and optimize
sensor layouts to maximize spatial coverage; however, they
typically assume homogeneous sensors and environments, and
therefore cannot reflect the performance of the actual per-
ception algorithms to be deployed, nor site-specific factors
that affect sensing (e.g., low-angle sunlight). To address this
limitation, we design an evaluation metric for a roadside camera
system that is computed in simulation using a practical object
detection and tracking pipeline, and we directly maximize the
metric via Bayesian optimization. Furthermore, to reduce the
impact of the computational cost dominated by simulation in
Bayesian optimization, we propose to place more cameras than
the intended number to augment observations that can be
evaluated per simulation run, thereby significantly reducing
the overall optimization time. Experiments demonstrate that
our method successfully derives a camera placement with per-
formance superior to the best placement designed by multiple
human participants, while achieving more than a 4 times
speedup compared to the optimization without observation
augmentation.

I. INTRODUCTION

Infrastructure-cooperative automated driving has been an
emerging trend in ITS, aiming to improve driving safety by
transmitting object information detected by sensors installed
in the traffic environment to automated vehicles. By com-
plementing onboard perception with infrastructure sensing,
such systems enable automated vehicles to recognize objects
in occluded regions that are otherwise blind spots, thereby
targeting a higher level of safety, which is typically required
for public transportation. To deploy such systems in traffic
environments, it is crucial to determine where to install road-
side sensors so that traffic participants in the environment can
be detected and tracked, reliably and comprehensively.

Roadside sensors are typically installed by engineers who
are familiar with the sensor characteristics. However, a sensor
itself has various parameters such as installation location,
orientation, and field of view, and the sensing space often ex-
hibits a complex three-dimensional structure with occluders
such as trees. In addition, many site-specific conditions, such
as low-angle sunlight, can strongly affect perception, making
it difficult to manually derive effective sensor layouts while
accounting for all relevant factors. Moreover, to scale such
systems across multiple regions, establishing an automated
methodology for sensor placement is highly expected. In this

1Institute of Industrial Science, The University of Tokyo, Tokyo, Japan.
mhirano@iis.u-tokyo.ac.jp

Camera parameter space

T
ra

ck
in

g
sc

o
re

Bayesian optimization Simulation & Evaluation

Placement proposal

Fig. 1. Roadside camera placement is obtained via Bayesian optimization
with realistic traffic simulation and multi-camera tracking evaluation.

work, we specifically focus on roadside cameras and propose
a method to derive optimal camera placements (Fig. 1).

As rooted in classical computational geometry, a wide
range of studies has addressed sensor placement optimiza-
tion, where many methods geometrically model the sensor
field of view and aim to maximize coverage of the road
space. Such geometric methods are often formulated as
mathematical optimization problems for relatively simple
structures such as highways, and can be difficult to apply
to complex 3D scenes such as intersections. In addition,
these methods typically regard an object as “detected” if
it lies within the camera frustum, which fails to account
for real-world factors that significantly affect vision-based
detection performance, including illumination conditions. As
a result, they do not necessarily reflect the actual detection
and tracking performance of the deployed sensing system
under realistic conditions.

In contrast, we propose an optimization framework that
places a camera system on a digital twin reproducing the
target environment, introduces a performance metric based
on the Detection and Tracking algorithms used for recog-
nition, and directly maximizes the metric. Specifically, we
run traffic simulation on a digital twin that captures the
properties of the target space, obtain image sequences ren-
dered from the deployed cameras, and compute a perfor-
mance score using an object detection/tracking pipeline that
includes image processing. Because the resulting objective
function implicitly involves complex detection and tracking
procedures, it cannot be written in a closed form and is
difficult to optimize in an analytical way. Therefore, we adopt
Bayesian optimization, an approach for optimizing black-box
objective functions that are difficult to model explicitly. This



approach can naturally incorporate complex 3D structures
through a digital twin, and can also reflect hard-to-model
environmental effects (e.g., low-angle sunlight) by adjusting
illumination conditions in simulation.

The Bayesian optimization loop requires repeated ex-
ecution of time-consuming processes, namely simulation
and object detection/tracking, which raises a challenge in
computational efficiency. To address this issue, we propose a
method that substantially improves efficiency by augmenting
the observations used in Bayesian optimization within a
single simulation run, which we call Observation Augmen-
tation. By placing more cameras than the planned number
at a cycle, we can gain a combinatorial number of camera
subsets that can be evaluated, thereby increasing the number
of observations available for Bayesian learning per cycle.

To evaluate the proposed method, we optimized camera
placement on a digital twin and compared it against place-
ments designed by human participants. We show that the
proposed method realized a camera placement with object
detection/tracking performance superior to human-designed
placements. Moreover, with observation augmentation, we
achieved more than a 4 times efficiency improvement in
terms of computation time compared to evaluating only one
camera placement per cycle.

II. RELATED WORK

Sensor placement optimization has long drawn attention
from the research community. It dates back to the Art Gallery
Problem [1], which seeks the minimum number of cameras
(guards) required to cover the entire interior of a given
polygon (gallery). This problem can be viewed as minimizing
the number of cameras under coverage constraints, and has
been widely studied in computational geometry.

In the 2000s, sensor placement optimization began to
incorporate camera properties such as field of view and
resolution. For example, studies have derived indoor surveil-
lance camera layouts that maximize coverage using genetic
algorithms under physical camera models [2]. Malhotra et al.
proposed a combinatorial optimization method to cover a 3D
space with fewer cameras [3]. However, these approaches are
limited to optimization within closed indoor spaces. More
recently, sensor placement optimization methods grounded
in practical industrial scenarios have been proposed. Kim
et al. [4] optimize coverage more practically by weighting
important areas such as hazardous zones at construction
sites. In the autonomous driving domain, heuristic algorithms
have also been used to optimize configurations of onboard
cameras [5].

Many studies have also investigated roadside sensor place-
ment for infrastructure-cooperative automated driving sys-
tems. Examples include camera placement that minimizes the
number of cameras under coverage constraints in highway
merging areas [6], coverage optimization at intersections
using roadside LiDAR based on integer programming [7].
More recently, approaches have leveraged 3D digital maps,
including height information, to capture objects in 3D and
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Fig. 2. Overview of the proposed method.

optimize infrastructure sensor placement using genetic algo-
rithms [8]. There exist studies that evaluate object detection
algorithms using simulators; however, their optimization
solves an integer programming problem that aims to maxi-
mize coverage [9].

However, many methods are limited to relatively simple
measurement spaces, and the optimization objective is often
restricted to spatial coverage, which does not account for
the actual detection performance of the sensors, posing
practical limitations as addressed in [10] in the context of
sensor fusion. To address these issues, our method repro-
duces complex 3D urban environments via a digital-twin-
based simulator and proposes a roadside camera placement
method that directly maximizes a performance metric re-
flecting detection and tracking accuracy achieved by the
sensors. By optimizing an objective function defined by
a metric reflecting the system’s performance using real-
istic sensors and detection/tracking pipeline—rather than
geometric coverage—the proposed method can account for
dynamic and diverse traffic environments, including weather,
illumination, and various traffic flow patterns, as well as
region-specific external conditions reproduced in simulation.

III. OPTIMAL ROAD-SIDE CAMERA PLACEMENT
VIA BAYESIAN OPTIMIZATION

A. Overview

To derive a camera placement that maximizes object per-
ception performance, we propose a method that maximizes
a newly proposed roadside camera system metric based on
a detection and tracking pipeline via Bayesian optimization.
The overview of the proposed method is shown in Fig. 2.
Given a 3D digital twin reproducing the target space, (A) we
place cameras with parameters to be estimated (e.g., position
and focal length), run traffic simulation, and obtain image
sequences for each camera. Next, (B) we perform object
detection and tracking on each camera stream, and (C) inte-
grate per-camera tracking results to compute a multi-camera
tracking score. Then, (D) we run Bayesian optimization using
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Fig. 3. Procedure of Multi-Camera Multi-Object Tracking. Single tracklets
for each camera are represented in different colors, while multi-tracklets,
obtained by associating them across cameras, are represented in the same
colors.

the computed tracking score and camera parameters, and
propose camera parameters to be evaluated in the next cycle.
By iterating this cycle, we obtain camera placements with
higher performance. The following subsections describe each
step in detail.

B. Realistic Traffic Simulation

To reproduce real-world traffic environments, we use a
realistic traffic simulator based on a 3D city digital twin.
We simulate real traffic conditions, such as vehicle flows,
and obtain image sequences from multiple cameras placed
roadside. In this paper, for n cameras Ck (k = 1, 2, . . . , n)
to be optimized, we parameterize each camera by its 3D
position (xk, yk, zk), pitch angle θk, yaw angle ϕk, and focal
length fk, and define the parameter set to be optimized as

X = {xk, yk, zk, θk, ϕk, fk}k=1,2,...,n. (1)

We optimize focal length because it is a key parameter
that determines the field of view. Considering practical
installation settings, we fix the roll angle corresponding to
rotation around the optical axis to 0.

C. Tracking Score

1) Tracklet: This subsection describes how to design
a metric to evaluate a camera placement reproduced in
traffic simulation. To measure how comprehensively multiple
roadside cameras can track many vehicles in simulation,
we adopt an evaluation metric that quantifies the degree
of vehicle tracking. We first perform Multi-Camera Multi-
Object Tracking (MCMOT), which continuously detects and
tracks multiple objects that move across multiple cameras.
By running MCMOT, we obtain object trajectories referred
to as tracklets, and later compare them against ground truth
obtained from the simulator to compute a quantitative metric.

In MCMOT, objects are first detected in each camera
stream, tracked within each camera, and finally associated
across cameras to achieve multi-camera tracking as depicted
in Fig. 3. Specifically, after performing object detection
per frame using a method such as YOLO [11], we obtain
predicted Single Tracklets in each camera based on the
detection locations and appearance features. Let the set of

predicted Single Tracklets in camera k over all detected
vehicle IDs p be denoted by t̂k:

t̂k = {t̂k1 , t̂k2 , . . . , t̂kp, . . . , t̂kN̂k
s
}, (2)

where N̂k
s is the total number of predicted Single Tracklets

in camera k. (We denote predicted variables with a hat ·̂ to
distinguish them from ground-truth variables.)

The predicted Single Tracklets from each camera are then
associated across cameras based on appearance features and
merged by assigning consistent IDs. The resulting trajectories
are referred to as predicted Multi Tracklets. Let the set of
predicted Multi Tracklets in camera k over all vehicles be
denoted by T̂k:

T̂k = {T̂ k
1 , T̂

k
2 , . . . , T̂

k
p , . . . , T̂

k
N̂k

m
}, (3)

where N̂k
m is the total number of predicted Multi Tracklets

in camera k. Note that the Multi Tracklets are defined per
camera.

2) Tracking status: To compute an evaluation metric for
camera placement, we design a metric based on the ratio of
time during which vehicles are correctly tracked within the
target region, relative to the total dwell time of vehicles in
that region. Here, for vehicles within the target region, if a
vehicle is tracked by at least one camera at a given frame,
we regard the system as successfully tracking that vehicle at
that frame.

We first determine, for each camera, the per-frame Track-
ing status, which indicates whether each vehicle appearing
in the target region during simulation is tracked or not.
To determine whether a vehicle is tracked, we match the
predicted Multi Tracklet set T̂k in Eq. (3) against the ground
truth obtained by the simulator.

Let Tk be the ground-truth Multi Tracklet set. With Nk
m

denoting the ground-truth total number of vehicle IDs, we
define

Tk = {T k
1 , T

k
2 , . . . , T

k
q , . . . , T

k
Nk

m
}. (4)

To determine whether a predicted Multi Tracklet T̂ k
p (p =

1, 2, . . . , N̂k
m) correctly tracks an object, we need to identify

the corresponding ground-truth Multi Tracklet T k
q (q =

1, 2, . . . , Nk
m). We define an assignment cost using the In-

tersection over Union (IoU) between the ground-truth and
predicted bounding boxes, and solve the assignment by
minimizing the total cost using the Hungarian algorithm [12].

After solving this assignment, if a predicted Multi Tracklet
T̂ k
p exists for a ground-truth Multi Tracklet T k

q and the two
tracklets share a common frame index, then the vehicle is
considered correctly tracked at that frame, i.e., marked as
Tracked. Otherwise (no corresponding tracklet, or no shared
frame index), it is marked as Untracked. Formally, for camera
k, we define a variable Θk(i, q) representing the tracking
state of the q-th ground-truth Multi Tracklet at frame i as

Θk(i, q) =

{
1 if T k

q is Tracked at frame i

0 if T k
q is Untracked at frame i.

(5)
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Fig. 4. Multi-camera tracking status.

3) Tracking score: We then integrate the Tracked status
across cameras and compute a multi-camera tracking score.
Fig. 4 illustrates the computation with three cameras. Since
tracking a vehicle requires that it be in the Tracked state in at
least one camera, we introduce a variable Φ(i, q) indicating
whether the q-th vehicle is Tracked at frame i in at least one
camera:

Φ(i, q) =

{
1 if there exists a k s.t. Θk(i, q) = 1

0 otherwise.
(6)

We also define a variable Ψ(i, q) indicating whether the
ground-truth Multi Tracklet T k

q exists within the target region
S at frame i:

Ψ(i, q) =

{
1 if T k

q at frame i exists in S
0 otherwise.

(7)

Finally, we define the quantitative evaluation metric for
camera placement. We define the multi-tracking score as the
ratio, aggregated over all vehicles, between the number of
frames where the vehicle is Tracked by at least one camera
and the number of frames where the vehicle exists in the
target region:

ymulti =

∑N
q=1

∑I
i=1 Φ(i, q)∑N

q=1

∑I
i=1 Ψ(i, q)

. (8)

Here, N is the total number of vehicles that appear in the
target space during the simulation, and I is the total number
of frames.

We similarly define a per-camera tracking score yk using
the predicted Single Tracklets t̂k and its corresponding
ground-truth Tk. Introducing a variable θk(i, q) representing
the tracking state of the q-th vehicle at frame i in camera k,
the single-camera tracking score yk is defined as

yk =

∑N
q=1

∑I
i=1 θk(i, q)∑N

q=1

∑I
i=1 Ψ(i, q)

. (9)

D. Bayesian Optimization

To find a camera placement that maximizes the tracking
scores described above, we use Bayesian optimization to
learn the relationship between camera placement parameters
and tracking scores, and to identify promising placements
that are likely to yield high tracking performance. By itera-
tively using the tracking score obtained from simulation with
the acquired camera placement as additional training data, we
aim to obtain camera placements with higher tracking scores.

To reflect the contribution of each camera more efficiently
during learning, we incorporate not only the multi-camera
tracking score but also the per-camera tracking scores into
the objective. That is, we formulate the problem as multi-
objective optimization with Y = {ymulti, y1, . . . , yn}.

In Bayesian optimization, we fit a Gaussian process model
Y = GP(X) with a Matérn kernel to a set of known
pairs {(X1, Y1), . . . , (XN , YN )} of camera parameters Xk

and tracking scores Yk. Given the fitted model, we obtain
the next camera parameters to evaluate, XN+1, by maximiz-
ing an acquisition function called EHVI (Expected Hyper-
volume Improvement). Since feasible camera installation
locations are limited, we perform Bayesian optimization
under positional constraints; details of the constraints used
in experiments are described in the Evaluation section.

E. Observation Augmentation for Efficient Optimization

When optimizing camera placement by repeating steps A–
D in Fig. 2, the computation time for (A) simulation and
(B) detection/tracking in each camera is substantially larger
than that for (C) multi-camera tracking and (D) Bayesian
optimization. This yields an efficiency bottleneck for the
overall cycle. To mitigate the computational cost dominated
by simulation, we propose to efficiently search the parameter
space by augmenting the number of observations obtained
per cycle. Specifically, we increase the number of cameras
placed in a single cycle beyond the number used for eval-
uation, and compute the multi-tracking score for multiple
camera subsets, thereby acquiring multiple observations in
the parameter space simultaneously.

Concretely, to evaluate a placement of n cameras, we place
l (n ≤ l) cameras in simulation. Because the acquisition
function in Bayesian optimization encourages exploration, it
may occasionally place cameras with extremely low tracking
scores. We exclude the m (0 ≤ m ≤ l−n) cameras with low
single-camera tracking scores and compute the evaluation
metric for all combinations of choosing n cameras from the
remaining l−m cameras. As a result, we can acquire

(
l−m
n

)
observations from a single cycle1. We refer to this as multi-
point observation, in contrast to single-point observation,
where only one observation is evaluated per cycle.

Fig. 5 compares the time required to learn
(
l−m
n

)
obser-

vations under single-point and multi-point observation. In
each cycle, let the time for traffic simulation (A) be ta, the
total time for per-camera tracking processing (B) be tb, the

1
(l−m

n

)
denotes the number of ways to choose n samples from l − m

candidates.
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Fig. 5. Time chart of augmented observation for efficient optimization. With multiple-point observation, the time required to learn the same number of
observations is significantly reduced compared to single-point observation.

time for integration and multi-tracking score computation
(C) be tc, and the time for Bayesian optimization (D) be
td. In single-point observation, since one simulation yields
only one observation, the time T required to learn

(
l−m
n

)
observations is

T =

(
l −m

n

)
· (ta + tb + tc + td). (10)

In multi-point observation, let the time for each phase be
tã, tb̃, tc̃, td̃, respectively. Then, the time T̃ required to learn(
l−m
n

)
observations is

T̃ = tã + tb̃ + tc̃ + td̃. (11)

The simulation time is comparable to the single-point case
in terms of the core traffic simulation, but increases due to
additional rendering and file I/O; thus tã < l

n · ta. The
per-camera tracking time tb̃ scales approximately with the
number of cameras, so tb̃ ≃

l
n · tb (we ignore parallelization

effects and variations due to whether objects are detected
for brevity). The integration and score computation time tc̃
must be executed

(
l−m
n

)
times, so tc̃ ≃

(
l−m
n

)
· tc, so does

the Bayesian optimization, yielding td̃ ≃
(
l−m
n

)
· td.

Therefore, the time T̃ required by multi-point observation
satisfies

T̃ = tã + tb̃ + tc̃ + td̃

<
l

n
· ta +

l

n
· tb +

(
l −m

n

)
· tc +

(
l −m

n

)
· td. (12)

As shown in Table II, ta + tb ≫ tc + td. Furthermore, when
n > 2,

(
l−m
n

)
≫ l

n (e.g., n = 4, l = 8,m = 2 yields(
l−m
n

)
= 15 and l

n = 2). Thus, multi-point observation
is expected to significantly reduce the time needed to learn(
l−m
n

)
observations compared to single-point observation.

IV. EVALUATION

A. Experimental Setup

We used an open-source driving simulator AWSIM [13]
as the experimental environment, which emulates a realistic
scene that involve vehicles, sensors, driving environments,

Camera zone

Traffic zone

Fig. 6. Experiment scene for camera placement. The blue zones represent
the allowable camera installation areas, whereas the red zone indicates the
traffic zone where vehicles travel.

and traffic flows. We used a publicly available digital twin
model of Nishi-Shinjuku and targeted an intersection and the
surrounding area shown in Fig. 6. This scene is characterized
by heavy traffic and complex environmental factors relevant
to camera placement, including roadside trees, street lights,
and spaces under elevated structures. Among vehicle types
prepared by the simulator, we used a taxi, truck, hatchback,
compact passenger car, and van. We customized the simula-
tor to allow random color selection out of multiple colors for
each vehicle to realize a more diverse traffic environment.

For each camera k, we imposed bounds on parameters
xk, yk, zk, θk, ϕk, fk as

− 60 ≤ xk ≤ 60, 0 ≤ yk ≤ 4, −60 ≤ zk ≤ 60, (13)
0 ≤ θk ≤ 30, −180 ≤ ϕk ≤ 180, 10 ≤ fk ≤ 30. (14)
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Fig. 7. Cumulative maximum multi-tracking score. The solid line indicates
the maximum multi-tracking score in each cycle, and the dotted line shows
the cumulative maximum multi-tracking score.

In addition, we imposed inequality constraints on the camera
positions so that cameras are placed within the roadside
areas indicated by the blue outlines in Fig. 6. We used
YOLOv5 [11] for detection, ByteTrack [14] for single-
camera tracking, and hierarchical agglomerative cluster-
ing with temporal and spatial constraints [15] for multi-
camera tracking. We implemented Bayesian optimization
using BoTorch [16], and used SobolQMCNormalSampler for
sampling in multi-objective Bayesian optimization.

We set the number of cameras to be placed in the target
space to n = 4, and used l = 8,m = 2 for observation
augmentation. In each cycle, we simulated with the default
settings (daylight, sunny) for 5 minutes and captured image
sequences at 10 fps for each camera. The computer used in
our experiments had the following specifications: CPU: Intel
Core i9-13900K (32 Core, up to 5.8 GHz), GPU: NVIDIA
RTX A6000, Memory: 128 GiB, OS: Ubuntu 22.04.3 LTS.

B. Results

1) Performance: To validate the effectiveness of the pro-
posed method, we conducted experiments with 200 cycles
under the conditions described above. Fig. 7 shows the
transition of the maximum multi-tracking score ymulti in
each cycle; the maximum value of 0.588 was recorded at
cycle 192. This result indicates that the maximum multi-
tracking score, shown in the blue dotted line in Fig. 7,
increases as the number of cycles progresses, suggesting
that better camera placements are being acquired. The non-
monotonic fluctuations in the maximum are attributable to
the exploration-oriented behavior of EHVI as the acquisition
function.

Next, we analyze the camera placement by the proposed
method through visualization. Fig. 8 shows the camera place-
ment at cycle 192 that achieved the maximum multi-tracking
score. Fig. 9 shows the field of view of each camera in this
placement. These figures indicate that the four cameras cap-
ture a wide area of the intersection from different viewpoints,
and are placed to reduce blind spots while keeping substantial
overlapping to support robust tracking across cameras.

Cam1

Cam2

Cam3

Cam4

Fig. 8. Camera placement at the maximum multi-tracking score.

Fig. 9. Fields of view of each camera in the placement at the maximum
multi-tracking score.

2) Comparison against Human Experts: To verify the
effectiveness of the proposed method, we compared it with
camera placements designed by six human participants, con-
sisting of students and researchers specializing in computer
vision.2 The participants were first shown a bird’s-eye view
of the target intersection and briefed on the experimental
setup, including the camera input parameters and how to
adjust them. They were then instructed to place four cameras
within five minutes to maximize the multi-tracking score
defined in Eq.,(8). The five-minute window was found to
be sufficient, as most participants completed their placement
well before the time limit.

Table I summarizes the multi-tracking scores obtained by
the participants’ camera placement. Compared with partic-
ipants, the best result of the proposed method was 0.588,
exceeding the highest participant score of 0.510 by ap-
proximately 15%. Since the participants’ average score was
0.444, the proposed method achieved a score roughly 32.4%
higher than the average. These results show that the proposed
method can propose camera placements with higher tracking

TABLE I
COMPARISON OF MULTI-TRACKING SCORES BETWEEN HUMAN EXPERTS

(A–F) AND THE PROPOSED METHOD.

A B C D E F Proposed

0.484 0.510 0.388 0.497 0.361 0.422 0.588

2We consulted the institutional ethics review committee and were in-
formed that ethical approval was not required as no personal information
or information enabling the identification of individuals is included.



M
u

lt
i-

tr
ac

k
in

g
 s

co
re

Time [second]
0 100000 200000 300000

0.5

0.4

0.3

0.2

0.1

0
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performance than those designed intuitively by humans.
3) Ablation Study on Observation Augmentation: To eval-

uate the efficiency introduced by observation augmentation,
we measured the time required for learning under single-
point and multi-point observations. For estimating the time
of each phase, we averaged 300 cycles for single-point
observation and 80 cycles for multi-point observation. The
results are shown in Table II. These results confirm that
the multi-point observation method achieves more than a 4
times improvement in time efficiency compared to single-
point observation, i.e., 17016/4158 ≃ 4.

V. CONCLUSION

This paper addressed the optimal roadside camera place-
ment problem for ITS, such as infrastructure-cooperative
automated driving. We formulated it as an optimization
problem that maximizes a detection-and-tracking-based met-
ric computed via digital-twin-based simulation, and pro-
posed a Bayesian approach to solve it. Unlike conventional
methods that optimize sensor layouts to maximize spatial
coverage, our method directly optimizes the metric built
upon simulation-driven object detection and tracking, thereby
reflecting both perception algorithm performance and site-
specific conditions such as low-angle sunlight.

We validated the proposed method using a digital twin
simulator, demonstrating that it derives a camera placement
with a score exceeding human-designed placements and con-
firming the effectiveness of the approach. Furthermore, we

TABLE II
COMPUTATION TIME [SECONDS] IN SINGLE-POINT OBSERVATION AND

MULTI-POINT OBSERVATION TO LEARN 15 OBSERVATIONS.

ta tb tc td T

663.1 324.8 139.3 7.3 17016

tã tb̃ tc̃ td̃ T̃

991.8 663.2 2373 130.1 4158

proposed an observation augmentation strategy that alleviates
the computational bottleneck in Bayesian optimization by
placing more cameras than needed and augmenting obser-
vations per simulation run, achieving more than a 4 times
efficiency improvement.

As future work, to reflect the sensing performance of
real camera systems more accurately, we will incorporate
simulation conditions that capture diverse factors affecting
recognition performance in real environments (e.g., rain
and low-angle sunlight). In addition, we aim to improve
generality by extending the framework from camera-only
sensing to multi-sensor configurations, including LiDAR,
targeting sensing systems commonly adopted in practice.
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