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Abstract—Robots equipped with vision systems at the end-
effector provide a powerful combination in industrial contexts.
While much attention is dedicated to machine vision algorithms,
the optimization of the vision system pose is not properly
addressed (to increase object detection performance). A complete
pipeline for such optimization is proposed. To this aim, Bayesian
Optimization is employed. A Franka EMIKA Panda robot has
been used as a robotic platform, equipped at its end-effector
with an Intel© RealSense D400. Achieved results show the
high-fidelity reconstruction of the real working environment for
the offline optimization (i.e., performed simulations), together
with capabilities of the proposed Bayesian Optimization-based
approach to defining the sensor pose in a limited number of
experimental trials (50 maximum iterations has been considered).

Index Terms—Object detection, camera pose optimization,
Bayesian optimization, industrial robots, 3D vision system.

I. INTRODUCTION

Industry 4.0 paradigm has put a huge importance on robotic

platforms autonomy inside production plants. The robot is

required to self-adapt to its working environment to perform an

application, such as assembly [1] and human-robot interaction

[2] tasks. Machine vision is enhancing such autonomy [3], pro-

viding to the manipulator the capabilities to sense its working

environment. In particular, object detection-based tasks (such

as parts manipulation and quality inspection applications) are

becoming extremely powerful, having a camera mounted at

the robot end-effector to be positioned for the localization of

complex parts, even in cluttered environments [4]. In such a

scenario, the robot kinematics can be exploited to find the

most suitable camera pose, maximizing the object detection

performance and, therefore, the task success. Despite machine

vision algorithms have been improved to work in difficult

situations [5], there is still a lack of optimization algorithms

to manage the vision system pose in such tasks.

A. Related work

Object detection for robotic applications is currently a

hot-research topic, due to the huge variety of applications

requiring such capabilities [6]. One critical issue in this field

is to enhance the object detection performance optimizing

the vision system pose (i.e., to maximize the object detec-
tion performance). Such capability, in fact, is of tremendous

importance in many real robotic applications. In many real

working conditions, in fact, obstacles and occlusions are

present, reducing drastically the chances to have a clear view

of the part [7]. Therefore, being able to correctly position the

vision system inside the working environment is mandatory.

With this aim, some works can be identified from the literature

review. [8] proposes a methodology to optimize the placement

of the camera in order to minimize the detection error in the 3D

measurements, treating the issue as an optimization problem.

[9] describes the optimal placement of multiple cameras and

the selection of the best subset of cameras for a single-object

localization in the framework of sensor networks. In [10] a

method for automatic sensor placement for model-based object

detection is described, involving the determination of the

optimal sensor placements and a shortest path through these

viewpoints. The problem of camera placement for automated

visual inspection tasks is studied under a multi-objective

framework in [11], exploiting an evolutionary based technique.

[12] proposed an approach for the computation of the next

best view for object detection purposes. Firstly, the visibility

of the object candidate from a set of candidate views that

are reachable by a robot is analyzed. Then, the visibility of

the object features by projecting the model of the most likely

object into the scene is analyzed. In such a way, the next best

view for the object detection purposes is performed. In [13] a

framework for the definition of the vision system positioning

which uses an analysis of the object stable poses, together

with dynamic simulation to predict the probability distribution

of initial object poses is proposed. A scalable approach to

determine a small number of well-placed camera viewpoints

for optical surface inspection planning is proposed in [14]. By

defining a set of geometric feature functionals, an adaptive,

non-uniform surface sampling (sparse in geometrically low-
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Fig. 1: The complete workflow of the proposed framework is shown, highlighting the connections between all the defined blocks. The offline
part of the methodology (including the scene reconstruction, the collision modeling, the object detection algorithm, and the camera pose
optimization) is highlighted, together with the online part (including the object detection algorithm and the collision-free motion planner).

complexity areas, and dense in regions of higher complexity)

is performed.

The main drawback of the above described approaches is

that occlusions are not considered. If the object is not (at

least) partially visible, the proposed algorithms are not able

to compute the vision system pose. In addition, cluttered

environments are not considered, having the robot possibly

colliding with other objects in the operating scene. Moreover,

the vision system positioning criteria is not always related to

the maximization of the object detection performance.

B. Paper contribution

Within the proposed context, the development of an ap-

proach capable of optimizing the robot end-effector mounted

vision system pose is the main objective of this paper. A

complete pipeline for such optimization is proposed, composed

by the following main components: working scene reconstruc-

tion, robot-environment collisions modeling, object detection,

sensor pose optimization, and collision-free robot motion

planning. To validate the proposed approach, experimental

tests have been executed in a real-like industrial environment,

in which a target part has to be recognized. The target part

(i.e., a driller) is positioned in a toolbox with many other
components occluding its visibility. A Franka EMIKA Panda

robot has been employed as a robotic platform, equipped at its

end-effector with an Intel© RealSense D400. Achieved results

show the high-fidelity reconstruction of the working environ-

ment for the offline optimization (i.e., performed simulations),
making it possible to model the camera occlusions and col-

lisions between the robotic system and the environment. The

proposed approach is capable to optimize the sensor pose in

a reduced amount of optimization iterations (i.e., reducing
the processing time). 50 iterations are considered for the

optimization process.

II. METHODOLOGY

The proposed pipeline for the optimization of the (robot

end-effector mounted) camera pose is shown in Figure 1.

The object detection performance are maximized while guar-

anteeing the pose reachability w.r.t. both robot kinematics

and collisions constraints within the reconstructed operating

environment. Five main blocks are identified in the pipeline.

A scene reconstruction block is defined, to acquire the point
cloud for the operating environment modeling. Such a point

cloud will be used to perform the object detection inside

the operating scene. A collision modeling block is defined,
to define the environmental constraints. Such environmental

constraints will be used to compute both the collisions-free

optimized camera pose and the collisions-free robot motion.

An object detection algorithm block is defined, to perform

the recognition of the target object inside the working scene.

On the basis of the target part CAD (in .stl format) file

and exploiting the point cloud available from the scene re-
construction block, the adopted algorithm gives as an output

an index quantifying the performance of the object detection

procedure. Such an index is used to optimize the camera

pose inside the operating scene. A camera pose optimization
block is defined, to optimize the camera positioning inside

the working scene. Bayesian Optimization [15] is exploited

for such a purpose, being able to minimize the required

experiments (i.e., the application time and resources usage).
The object detection index from the object detection algorithm
block is employed in the Bayesian Optimization cost function

(together with penalties related to collisions and unreachable

poses). A collision-free motion planner block is defined, to
plan and execute the robot motion, positioning the camera

in the optimized pose. The optimized camera pose from the

object detection algorithm block is exploited, together with the
environmental constraints from the collision modeling block.
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Fig. 2: Admissible camera poses lay on the reference sphere with
radius r maximizing the field of view of the sensor and angles φ and
θ defining the specific position pointing to the sphere center.

III. CAMERA POSE OPTIMIZATION EXPLOITING BAYESIAN

OPTIMIZATION

A. Camera pose definition in the operating scene

The camera pose (i.e., the robot end-effector pose) affects
the performance of the object detection algorithm. The camera

has to point to the target object in order to be visible

and perform its recognition. Commonly, the position of the

target object is (roughly) known in industrial applications

[7]). Therefore, it is possible to define the camera orientation

to point directly to the object. In addition, on the basis of

the adopted vision system, the specific sensor field of view

has to be considered, so that the target part is positioned in

its range of visibility (i.e., not too close, not too far from
the sensor). On the basis of this considerations, admissible

camera poses are generated in the reconstructed operating

scene (exploiting the scene reconstruction block) in order to
lay on the surface of a sphere centered in the (expected) target

object position, with a radius r (i.e., the distance between the
sensor and the target part) maximizing the performance of

the adopted sensor. The orientation of each pose is defined

to have the camera pointing to the center of the sphere (i.e.,
pointing to the target part). In such a way, two angles φ and
θ (polar and azimuth angles, respectively) can be used as

independent variables in order to described the position on the

given sphere surface (polar coordinates, Figure 2). The angles

φ and θ are then the optimization variables to be optimized
by the Bayesian optimization in order to maximize the object

detection performance.

B. Cost function

In order to optimize the camera pose on the proposed

nominal sphere described in Section III-A (i.e., optimize
the polar and azimuth angles φ and θ) to maximize the
part detection performance (i.e., the matching score), a cost

function J guiding the optimization has to be defined. In this
paper, the following cost function is proposed:

J =Ks(S−1)+Kr(S−min(S,Sr))

−KkK −KcC−Kp(max(S,Sp)−S).
(1)

The cost function (to be maximized, with values in the range

[−∞, 0]) is composed by reward terms and penalty terms.
W.r.t. reward terms, the following components can be identi-

fied: Ks(S−1) and Kr(S−min(S,Sr))
2. S is the matching score

(i.e., the output of the object detection algorithm block) having
values between 0 (no match) and 1 (perfect match), Ks is the

reward gain, Sr defines a threshold for the matching score

S to achieve an additional reward, and Kr is the additional

reward gain. Ks(S − 1) is an absolute reward based on the
matching score S. Kr(S−min(S,Sr)) is a relative reward that
is enabled if S−min(S,Sr)> 0, i.e., S> Sr, that is the matching

score S is over the defined threshold Sr. W.r.t. penalty terms,

the following components can be identified: KkK, KcC, and
Kp(max(S,Sp)− S). K is the reachability index defining if

the target position on the sphere is kinematically reachable

having binary values 0 (target position reachable) or 1 (target

position not reachable), Kk is the reachability penalty gain, C
is the collisions penalty index defining if collisions are shown

in the target position on the sphere having binary values 0

(no collisions are present) or 1 (collisions are present), Kc
is the collisions penalty gain, Sp defines a threshold for the

matching score S to produce an additional penalty, and Kp is

the penalty gain associated to low matching scores. KkK is an

absolute penalty related to the reachability of the target pose

on the sphere that exploits the collision-free motion planner
block. KcC is an absolute penalty related to the presence

of collisions in the target pose on the sphere that exploits

the collision modeling block. Kp(max(S,Sp)−S) is a relative
penalty that is enabled if max(S,Sp)−S > 0, i.e., Sp > S, that
is the matching score S is lower than the defined threshold Sp.

The cost function J in (1) is therefore capable to guide the
optimization in order to achieve a reachable collisions-free

camera pose maximizing the matching score, i.e., the object
detection performance.

C. Bayesian Optimization

The cost function J (1) in Section III-B defines a metric
to tune the camera pose parameters φ and θ. Let us collect
all the design parameters in a vector θθθ. The tuning task thus
reduces to the minimization of the cost J(θθθ) with respect to θθθ,
within a space of admissible values ΘΘΘ. However, a closed-form
expression of the cost J as a function of the design parameter
vector θθθ is not available. Furthermore, this cost cannot be

evaluated through numerical simulations as the robot dynamics

are assumed to be partially unknown. Instead, it is possible

to perform experiments on the robot and measure the cost

Ji achieved for a given controller parameter vector θθθi, and

thus run an optimization algorithm driven by measurements

of J. This peculiar nature of the optimization problem at

hand restricts the class of applicable optimization algorithms.

Indeed,
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(i) the measured cost Ji consists in a noisy observation

of the ”true” cost function, namely Ji = J(θθθi)+ ni,

with ni denoting measurement noise and possibly

intrinsic process variability;

(ii) no derivative information is available;

(iii) there is no guarantee that the function J(θθθ) is convex;
(iv) function evaluations may require possibly costly and

time-consuming experiments on the robot.

Features (i), (ii) and (iii) rule out classical gradient-based
algorithms and restrict us to the class of gradient-free, global

optimization algorithms. Within this class of algorithms,

Bayesian optimization (BO) is generally the most efficient in
terms of the number of function evaluations [16] and it is thus

the most promising approach to deal with (iv).
In BO, the cost J is simultaneously learned and optimized

by sequentially performing experiments on the robot. Specif-

ically, at each iteration i of the algorithm, an experiment is
performed for a given controller parameter θθθi and the corre-

sponding cost Ji is measured. Then, all the past parameter-cost

observations Di = {(θθθ1,J1),(θθθ2,J2), . . . ,(θθθi,Ji)} are processed
and a new parameter θθθi+1 to be tested at the next experi-

ment is computed according to the approach discussed in the

following. Additional details related to the surrogate model,
acquisition function, and algorithm outline used for Bayesian
Optimization can be found in [17].

IV. RESULTS

In order to prove the effectiveness of the proposed frame-

work in real conditions, an experimental test has been executed

to consider a realistic environment (i.e., high level of occlu-
sions, high number of obstacles, presence of random objects

in the operating scene).

A. Operating scenario

The target part to be detected is a driller, as shown in Figure

3. The proposed real-like environment validation scenario is

shown in Figure 4. The part is inside a toolbox, with many

other random parts positioned around. Upper toolbox drawers

are open, so that a high-level of occlusion is achieved (i.e.,
only a small portion of the nominal sphere defining the

admissible camera poses allows to properly detect the target

Fig. 3: Real part (driller) to be recognized in the proposed real-like
environment.

Fig. 4: Real environment validation scenario.

part). Therefore, the optimization of the camera pose is highly

important to execute the target object detection task.

B. Results

The achieved results are shown in the video available at

https://www.youtube.com/watch?v=B9KXQ2wixrY&t=12s. In

the presented video, the complete procedure described in

Section II is shown, together with the task execution.

The proposed framework allows to model the operating

scene, reconstructing the collision objects, exploiting such

information in order to (offline) optimize the camera pose for

the object detection task and to (online) execute the collision-

free robot motion to that goal position.

Figure 5 shows the robot executing the object detection in

the real-like operating environment, exploiting the optimized

camera pose (based on the BO approach), being capable to

recognize the part.

To show the increased performance achieved by the

object detection algorithm exploiting the proposed camera

pose optimization methodology, the a-type uncertainty on

the estimated object pose (i.e., on both translational and
rotational degrees of freedom - DOFs) has been computed,

comparing the obtained results with non-optimized camera

pose-based object detection. Table I shows the achieve results,

highlighting that the optimized camera pose allows to improve

the performance related to the estimation of the target object

pose (extremely important in industrial applications, such as

inspection or grasping tasks).

Fig. 5: Object detection task in the real-like operating environment.
In the top-right side of the Figure, the correct detection of the part
is highlighted.
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Camera Pose Translational Uncertainties Rotational Uncertainties

[mm] [◦]
BO-based 0.86 0.088

Not Optimized 6.18 38.02

TABLE I: A-type uncertainty for the estimated target object pose
exploiting the BO-based camera pose and a not optimized camera
pose. The a-type uncertainty is computed exploiting 20 values for
the estimated object pose (for both translations and rotations) for
both the two camera poses.

Remark 1. The developed open source software in ROS, in-
cluding all the components described in Section II, is available

at the GitHub repository https://github.com/Loris-Praolini/

best view algorithm.

V. CONCLUSIONS

In this paper, a complete pipeline for the optimization

of the (robot end-effector mounted) camera pose for object

detection purposes is proposed. The provided approach relies

on the following main components: working scene reconstruc-

tion, robot-environment collisions modeling, object detection,

sensor pose optimization (exploiting Bayesian Optimization),

and collision-free robot motion planning. The proposed com-

ponents have been integrated in ROS to define a flexible

application structure, capable to work with real manipulators

in industrial tasks. A Franka EMIKA Panda robot has been

employed as a robotic platform for the experimental validation,

equipped at its end-effector with an Intel© RealSense D400.

A real-like use-case has been presented to demonstrate the

applicability of the proposed pipeline.

Future work is devoted to include transfer learning capabil-

ities into the developed pipeline to maximize the knowledge

from already available data.
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