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Abstract. Effective communication and information projection are
essential for human-robot teaming. The projection of images on non-
planar surfaces using a conventional projector is challenging due to the
inherent problem of distortion. The projection distortion occurs due to
the variations in depth across the surface of the teaming workspace. As
a result, the projected image, information, or symbols lose their original
shape and create confusion during human-robot teaming. In this paper,
we presented an innovative approach to perform distortion-free projec-
tions in the teaming workspace. A pre-warped image is constructed based
on the surface geometry that the projector displays and accurately repli-
cates the original projection image. Beyond the technical achievement,
this research highlights the social acceptance of improved spatial aug-
mented reality in human-robot teams. It fosters better teamwork, trust,
and efficiency by enabling more intuitive and reliable interactions.

Keywords: Human-Robot Teaming · Distortion Correction · RGB-D
sensor · Common Reality

1 Introduction

Robots have been used as a tool for humankind for a long time. Gradually, they
become like a human partner in terms of performing a common task. The incor-
poration of robots into collaborative human-robot teaming has become more
widespread in recent years. It has led to a transformation in numerous indus-
tries due to the combination of the distinct capabilities of humans and robots
[1,2]. Visualization approaches utilizing a projector can play a crucial role in
improving the intuitiveness of human-robot collaboration by presenting cooper-
ative instructions in the workspace. The visualization of images using a projector
on real objects, also known as spatial augmented reality [3], can enhance coor-
dination and team performance by enabling humans to monitor the actions of
robots. It assures proper teamwork to gain more job satisfaction [4]. Projectors
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can be utilized to arrange a mixed-reality canvas in the physical work environ-
ment through a virtual visualization of the work plan. It can provide intuitive
feelings for humans and improve collaborative team performance [5]. Traditional
projectors cannot understand surface geometry and adjust images to account
for non-flat projection surfaces. Consequently, ordinary projectors’ cannot han-
dle the depth variation at different points of a non-flat surface and make the
projected image distorted [6]. The use of RGB-D sensors has become popular
nowadays for 3D surface reconstructions and their utilization in different robotics
and computer vision applications. It can provide the pixel-level depth of a par-
ticular surface with a very high frame rate. The depth data of RGB-D sensors
can be utilized to understand surface geometry [7].

The projection distortion problem causes a change in the original shape of
the object to be projected. It can mislead the human participants to understand
robots’ activities properly and seriously hamper the overall performance and
intuition of human-robot teaming. The main focus of this study is to solve the
distortion problem to facilitate quality human-robot teaming. This paper has
the following contributions,

1. This paper proposes a new visualization-based interface for human-robot
teaming in real-world scenarios, enhancing intuitive communication and col-
laboration between humans and robots.

2. This research proposes a unique method for correcting projection distortion
on non-planar surfaces using RGB-D sensor data, significantly improving the
accuracy and clarity of visual instructions in human-robot collaboration tasks.

2 Human-Robot Teaming

A robot was a helping hand to its operator (a human) from the beginning. It
has become a partner or co-worker with the advancement of artificial intelli-
gence and robotics. Human-robot teaming creates interdependence between the
two entities through communication, collaboration, and coordination. A dual
collaboration concept was proposed that guided the design of the components of
the collaboration [2]. The proposed architecture suggests some factors that are
useful for proper human-robot teaming. Figure 1 shows the basic components of
human-robot teaming, where both humans and robots have their specific abili-
ties. They are interdependent on one another in terms of collaboration factors
such as context, environment, and task.

Fig. 1. Fundamental components responsible for Human-robot teaming.
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2.1 Use of Visualization in Human-Robot Teaming

The concept of imaginary projection [4,8] in human-robot collaboration can
potentially enhance team performance. Their main goal was to create a physical
work environment using projectors and use this canvas as a friendly communi-
cation medium for collaborations. They proposed an object-tracking computer
vision algorithm to recognize an object in the workspace and estimate the pose
and state of the physical object. Their proposed method helps humans verify
whether the alignment of the physical object with the robot’s scope is perfect
or not. They also initiated visual instructions to show the robot’s intentions
for the upcoming activities and warn humans if there were any safety issues.
A projection-based communication channel was proposed that communicates
between humans and robots to circulate necessary information using visual ref-
erences [9]. A convolutional neural network architecture [10] was presented that
transforms arbitrary surfaces into interactive touch interfaces. The architecture
uses a CNN to detect fingertip touches on flat and curved surfaces with RGB-D
sensor input, enabling intuitive human-robot interaction through touch gestures
and reducing operator training time. The industrial scope of human-robot collab-
oration [11] was studied and showed some evidence that projector-based graph-
ical visualization can improve industrial work efficiency and safety. The authors
proposed a dynamic graphical user interface to interact with industrial robots
and perform better human-robot interaction. A web-based interface [12] was
designed to establish a dual communication system between robots and humans
on the collaboration worktable. An augmented reality (AR) based collaboration
framework [13] was proposed to establish better teamwork. They showed that
AR-based visualization can have the potential for peer collaboration between
humans and robots in unknown and instrument-less environments. The authors
also proposed bidirectional communications between humans and autonomous
robots to perform peer teamwork. Although image distortion can hamper the
intuitiveness of the collaboration, none of the literature discussed above concen-
trated on image distortion problems.

2.2 Projector Distortion Correction

Image distortion occurs due to the improper geometry of the projection surfaces
[14–16]. A novel system [14] was proposed to solve the image distortion problem
by moving the projector direction from an uneven surface to an even surface. It
does not work for our problem. Because, in most cases, human-robot teaming
workplaces are non-plane. A distortion correction method [16] was suggested,
utilizing the captured image from a camera attached to the projector. The sys-
tem used an algorithm to correct the keystone distortion problem automatically.
The authors considered the surface angle and computed a pre-warped trapezoid
for keystone correction. The technique had no scope to capture non-plane sur-
face geometry and correct distortion problems. A projector distortion correction-
based system [17] was proposed for non-planner surfaces using a Kinect device
as an RGB-D sensor. The authors implemented a 3D point cloud based on the
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non-planar surface data captured by Kinect. After that, the system performed
geometric correction and generated a pre-warped image for distortion correction.
The process utilized a projector to display the pre-warped image on the non-
plane surface, minimizing the image distortion problem. The technique acknowl-
edged that this method does not apply to real-time applications. This approach
had a plan to reduce computation costs using GPUs so that their system could
be used for real-time applications. According to the review, projector distortion
correction on non-planar surfaces is a unique approach to initiating an intu-
itive interface for human-robot collaboration. None of this literature is directly
aimed at this research goal. The literature mentioned above is really helpful in
conceptualizing the background of our specific research goal.

Fig. 2. Proposed distortion-free projection on omni-surface to facilitate human-robot
teaming.

3 Projection Distortion Correction on Omnisurface

The proposed research initiates a visualization interface according to the follow-
ing setup. The projector and the RGB-D sensor are fixed on top of the collabo-
ration workspace. The target surface of the collaboration workspace is assumed
to be a non-planner surface. Initially, the calibration method established the
relationship between the projector and the depth camera (the extrinsic param-
eters). The depth sensor uses calculated calibration parameters and allows the
projection of surface area by the projector. It determines the optimal correction
area, which is the maximum rectangular region within the projection surface to
perform the distortion correction. The original projection image is transformed
into a pre-warped image to fit the effective correction area, removing any geomet-
ric distortion on the target surface. Finally, the projector outputs the corrected
image. Figure 2 shows the hardware setup of our visualization-based collabora-
tion framework for human-robot teaming. A projector and RGB-D sensor are
attached above the collaboration surface on top of a robotic vehicle. The pro-
posed method captures the 3D surface depth using an RGB-D sensor and visu-
alizes a virtual object model onto the real-life object. This spatial augmented
visualization helps humans monitor robot activity intuitively.
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Fig. 3. 3D graphical representation of the Surface data a) captured using RGD-D
sensor which includes noise, b) after replacing null/zero values with median, and c)
after applying the Recursive Gaussian Interpolation.

3.1 Surface Data Acquisition and Refinement

It is imperative to extract noise from the depth data of the RGB-D sensor before
initiating the distortion correction process. The presence of noise in the depth
data can lead to a decrease in the surface smoothness and result in inaccurate
distortion correction. At first, the system captures surface depth using an RGB-
D sensor and then performs refinement. The proposed approach followed two
steps to reduce noise: (i) replacing invalid null (practically zero) values with
the median and (ii) performing the recursive Gaussian interpolation algorithm
[18] to make a smoother surface. Figure 3 shows the progress of surface data
refinement.

3.2 Inverse Projection Model

To project a 2D image onto a non-planar 3D surface using depth data, this
approach must determine the inverse projection transformation. This involves
first identifying the projection transformation equation, which generates the 2D
image from 3D world coordinates using the pinhole camera model. Once this is
established, the proposed technique can calculate the inverse projection trans-
formation needed to project the 2D image onto the surface accurately as defined
by its 3D world coordinates. The projection transformation equation from 3D
world coordinates Pw to 2D image coordinates Pi, can be represented as

Pi = K ·
[
R t
0 1

]
·Pw (1)

where K, R, t, Pi, and Pw are denoted respectively as the camera intrinsic matrix,
rotation matrix, translation vector, 2D image coordinates, and 3D world coor-
dinates.

3.3 Pre-Warped Image Generation

To generate a pre-warped image, the proposed system needs to produce an equiv-
alent opposite surface D′′ of the given depth data D′. The proposed approach
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calculated the minimum depth Dmin and maximum depth Dmax for each of the
depth values greater than zero. Then, prepare the equivalent opposite surface
D′′ using the following equation where every depth value D′′[i, j] is calculated
from the original surface D[i, j],

D′′[i, j] = Dmax − (D[i, j]−Dmin) (2)

To generate a pre-warped image, the opposite surface D′′ is considered as coor-
dinate depth data Pw and generates a 3D point-cloud using the pinhole camera
model. The 2D view of this point-cloud is our expected pre-warped image P ′

i
which gives distortion-free projection on omni-surfaces.

4 Experiment

4.1 Experiment Setup

An “Intel RealSense D435” RGB-D sensor is used to capture non-planar surface
depth. This sensor is small, lightweight, and low-cost. The “AAXM P300 Neo”
is a small and lightweight LED projector. The proposed approach utilizes this
projector to display the corrected image on the human-robot workspace (Fig. 4).

Fig. 4. Projection Surface Calculation and Calibration.

4.2 Projector and RGB-D Sensor Calibration

To perform the calibration between the projector and the RGB-D sensor, we first
positioned both devices in a fixed setup with overlapping fields of view, aimed at
a calibration surface. Using a checkerboard pattern, we captured multiple images
from the RGB-D sensor in various orientations. We then calibrated the RGB-D
sensor’s RGB camera by detecting the corners of the checkerboard pattern and
utilizing the OpenCV library [19] to estimate its intrinsic parameters. For the
projector, we treated it as an inverse camera, projecting a known pattern and
capturing it using the RGB-D sensor. This allowed us to calibrate the projector
and determine its intrinsic parameters. Subsequently, we computed the extrinsic
parameters by matching corresponding points from both the projector and the
RGB-D sensor. This process enabled us to determine the spatial relationship
between the two devices and align their coordinate systems. Finally, we validated
the calibration by projecting patterns and confirming their alignment with the
3D depth data captured by the RGB-D sensor.
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4.3 Projection Surface Calculation

The field of view (FOV) of the RGB-D sensor and the projector is not the
same. In practice, the RGB-D sensor covers more surface area than the projector
display. To ensure precise projection, we calculated the specific projection area
from the entire surface and used the depth array of this specific area to generate
a pre-warped image. We then placed a white rectangle on the surface, covering
the entire area of the projector display, and detected the coordinates of the four
corners of the rectangle.

Fig. 5. Major steps for distortion correction on a non-planner surface using RGB-D
sensor.

4.4 Distortion Correction and Projection

The proposed method requires to build a pre-warped image from the original
image. This pre-warped image is prepared based on the non-planner surface data
captured by the RGB-D sensor. Figure 5 presents the major steps for distortion
correction on a non-planner surface using an RGB-D sensor by our proposed
method. Here, Fig. 5 a) represents the 3D surface data captured using the RGB-
D sensor, (b) shows the projection without any correction, (c) represents the
pre-warped image generated using our proposed method, and (d) represents
the projection based on the proposed method. In order to test our distortion
correction method, we chose to project various symbols onto uneven surfaces such
as room corners, wavy walls, and wooden floors. These surfaces are not typically
suitable for projection using a regular projector due to their significant depth and
color variations. First, we captured the 3D depth of the surface and refined the
surface data to eliminate any noise. We then created pre-warped images using
the noise-free depth data based on our proposed distortion correction method.
Finally, we projected these pre-warped images onto the surfaces one by one.
The result we observed was extremely promising. Figure 6 shows three surfaces,
refined 3D depth data, and two corrected projection examples for each surface.

4.5 Performance and Accuracy

In order to evaluate the performance of our proposed model for point projections
accurately, we use the Root Mean Square Error, which is a standard statistical
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Fig. 6. Examples of Corrected projection on rough surfaces such as wavy walls, room
corners, and floors.

metric for measuring average error magnitudes. It involves a series of mathemat-
ical operations to calculate, and here are the detailed equations used to represent
error, E =

√
1
n

∑n
i=1(yi − ŷi)2. In this equation, the squared difference (yi− ŷi)2

represents the squared discrepancy between each target point, denoted as yi ,
and its corresponding projected point, ŷi, for the i-th observation in a dataset
where n represents the total number of pairs of points. To calculate the RMSE,
we took 40 random (x,y) coordinates of target points, found the coordinates of
the projected points, and calculated the errors between the target and projected
points. We found the Root Mean Square Error value is as good as 3.34mm,
the average error is 3.13mm, and the percentage of the error is 0.40%. Figure 7
presents the scatter plot illustrating the target points (in green) and projected
points (in red) for each pair, with gray dashed lines connecting each target to
its projected point. This visual helps you see the dispersion of the points in
the 400mm x 250mm space and the error represented by the distance between
corresponding points. Figure 8 shows a few examples of the projections, visually
comparing ordinary and corrected projections using our proposed method.

4.6 Social Acceptance

In order to assess the social acceptance of our correction method for projec-
tion distortion on omni-surfaces to enhance human-robot collaboration, we have
designed a survey with three evaluation criteria: originality, visibility, and under-
standability. We have assigned a weight to each criterion to calculate the final
acceptance score for each perspective. The criteria are as follows: 1) Originality
measures how closely the projection resembles the original image; 2) Visibility
assesses whether the user can clearly see the robot’s instructions; 3) Under-
standability gauges the extent to which the user can understand the robot’s
intention after viewing the projection. The final score across all criteria is 4.3
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Fig. 7. Scatter Plot of Target and Projected Points with Error Visualization.

Fig. 8. Comparison between ordinary projection and corrected projection.

out of 5, and the visual representation of Fig. 9 allows us to compare the different
aspects of evaluation. The result demonstrates how solving a technical issue can
significantly improve the social acceptance of human-robot collaboration, thus
advancing social robotics.
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Fig. 9. User feedback distribution across criteria in evaluating projection distortion
correction on omni-surfaces.

5 Conclusion

This research introduced an innovative approach to mitigate projection distor-
tion on non-planar surfaces and improved human-robot collaboration. By lever-
aging an RGB-D sensor to capture surface geometry, the suggested system suc-
cessfully corrects distortions in real time, thereby improving the accuracy and
clarity of visual instructions in collaborative contexts. This innovation increased
team trust and productivity while also enhancing the technical aspects of human-
robot interaction. The technology has the potential to be widely applied in busi-
nesses that depend on human-robot cooperation, as demonstrated by its capacity
to produce distortion-free projections on complicated surfaces. Further optimiza-
tion for real-time processing and the application of this method to dynamic
surfaces will be explored in future work.
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