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Abstract

As many factors that can be attributed to a high-performance robotic system and with increasing demand for robotic
application in automation or as assistive devices, research in this area has received much attention. Robot manipulation
is one of the vital components of the industrial or assistive robotic system. The utilization of various vision-based
approaches and different associated algorithms enhances the overall robot manipulation system's performance,
functionality, and efficiency. Implementing a robust and accurate vision-based robot manipulation system is still
today's challenge in robotics applications because of sensing and environmental uncertainties. In this paper, a
computer vision-based object detection and localization system for robot manipulation system is proposed, which
enables the robot to locate any object in the 3D space. The system uses a set of RGB camera, depth sensor, and vision
processor that allows the system to get the coordinates of any objects in 3D space in terms of the camera to map and
localize the object. Additionally, data associates are compared by statistical distance. Finally, a series of systematic
experiments are performed to verify the reliability and accuracy of the proposed system. The system can successfully
detect different objects and calculate data from the image frame with an accuracy of 94%.
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1. Introduction
A robot that has intelligent control should be able to perceive its environment and interact with it (He, Li, and Chen
2017). Among the essential abilities, the ability to manipulate objects is fundamental and significant in that it will
bring enormous power to society. For example, industrial robots can accomplish the pick-and-place task laborious for
human laborers, and domestic robots can assist disabled or older people in their daily grasping tasks (Chiacchio,
Petropoulos, and Pichler 2018; Martinez-Martin and Del Pobil 2017). Increasing the perception capabilities of robots
has been a long-standing goal of computer vision and robotics. Object detection and pose estimation are some of the
essential functions of an autonomous robot, especially when the robot needs the ability to search, measure, and
manipulate objects while interacting with humans more intelligently.
A robot needs to have a basic set of capabilities to perform physical tasks (Ben-Ari and Mondada 2018). It must be
physically capable of doing its job, which includes mobility and manipulation. It must be able to perceive its
environment sufficiently well to accomplish its task. In most cases, the robot must build a map of its environment by
making measurements with its sensors and estimating its current location (Miseikis et al. 2016). Finally, it must be
able to reason about its mobility and manipulation and its perception of the local environment to perform its task
efficiently and safely (Hebert et al. 2015).
The mapping, localization, and planning are problems that lie at the core of robot manipulation (Ldsch et al. 2018;
Ollero and Siciliano 2019; Frank, Moorhead, and Kapila 2016). Simultaneous Localization and Mapping (SLAM) has
interdependency between mapping and localization. To a large degree, researchers have been solving for small, two-
dimensional, structured environments. To make robots generally useful in the broader world, they need to move
beyond simple environments into large, three-dimensional, and potentially unstructured ones. Accordingly, they need
general algorithms for mapping, localizing, planning, and exploring that work just about anywhere. This study is
concerned with developing broadly applicable methods that will allow robots to explore and operate in most
environments, including indoor and outdoor, flat, and highly three-dimensional.
We make several assumptions about what is involved in a general approach:
1. We believe that the approach must be constant in computation (real-time) and linear in storage space to fit
within the computational constraints of real mobile robots.
2. We believe that map representations must be fully 3D and capable of representing arbitrary 3D geometry at
a level of resolution that is appropriate for the robot and its task.
3.  While the map needs to be locally accurate for path planning and obstacle avoidance, global accuracy can
often be relaxed, again depending on the robot and its task.
4. We believe that the method must not rely on any structures or features in the environment.
As a result, we believe that the approach must use metric range measurements and succeed even when these
measurements are sparse and inaccurate.
In this paper, the goal is to create a system for assistive robots for detection, pose estimation, and measurement of an
object. Thus, it will be useful to create conditions for the execution of tasks such as manipulation of the object
The rest of this paper is organized as follows: Section 2 discusses some literature review in this field, Section 3 presents
the method used in this study, Section 4 illustrates the experimental setup of the overall experiment, Section 5
represents the result of this study, and finally, Section 6 draws the conclusion of the study.

2. Literature Review

In vision-based robot manipulation, to find the objects from a scene, classify them, and measure their location, several
approaches were proposed. Roughly we can divide them into two categories: model-based, and appearance-based
(Lins, Givigi, and Kurka 2015). Features like edges, straight lines, contours, and segmentation are used in model-
based approaches to compare the image with a 2D model or projections of a 3D model of the objects. Global shape,
statistical characteristics, and local features are used in appearance-based approaches. A physical task in robotic
manipulation requires scene interpretation in the unconstructed environment for two types of sensors: contact sensors
and contactless sensors (Mateo, Gil, and Torres 2016). Force and tactile sensors are counted as contact sensors, while
contactless sensors include visual sensors based on images. Many studies combined data from both types of sensors
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to perform tasks in the unknown environment, including motion planning, grasping, and intelligent manipulation of
objects.

A simultaneous kinematic calibration, localization, and mapping are proposed which can calibrate the kinematic
parameters of an industrial robot manipulator using a commercial RGB-D camera attached to its end effector to
reconstruct the surroundings (Li et al. 2019). Feature detection and geometry are used to get the kinematic calibration.
The application and research progress of harvesting robots and vision technology in localization, target recognition,
3D reconstruction, and fault tolerance of complex agricultural environment is presented in (Tang et al. 2020).
Estimation of the localization of the objects in 3D scenes using collaborative robots is done by (Lins, Givigi, and
Kurka 2015). Vision-based object manipulation for construction application using two stereo cameras and a robotic
arm mounted on a mobile platform (Asadi et al. 2021). Pose estimation using RGB-based and RGB-D-based methods
is mentioned in (Du, Wang, and Lian 2019) for vision-based robotic grasping. In (Zhao et al. 2021) two-stage
positioning and object pose estimation in the robotic system are presented, which includes the vision-based rough
positioning stage and tactile-based precise positioning stage.

The real environments are generally chaotic and unstructured, the posture of the object to be processed in the
environment appears randomly, and the robotic arm cannot process objects with random poses (Cheng, Yen, and Jeng
2021). Therefore, researchers agreed that robotic applications either in construction, industry, or in assistive tasks for
individuals with disabilities need computer vision and other sensing mechanisms to supply the robot with real-time
data and information of its physical environment (Giftthaler et al. 2017; Wu, Jiang, and Song 2015; Feng et al. 2015).
In many of the projects described above, the computer vision system perceives the information of the working
environment through the image sensor, thereby processing and analyzing the environmental information, allowing the
robots to complete more complex processing operations autonomously.

3. Methods

To detect and get coordinates of an object in the 3D environment, the proposed system uses the ArUco detector
('OpenCV: Detection of ArUco Markers' 2021) and OpenCV. Using this approach, the system can detect any object
within the image frame and generate the x and y coordinates of the center of that object along with its width and
height. The coordinates will help the overall system to localize that particular object. On the other hand, the width and
height of the object will give additional information to the system for different tasks and further analysis. To localize
the object in the 3D space, a third coordinate (depth) is needed, which can be generated using the depth channel of the
RealSense camera ('Depth Camera D435' 2021). Using the 2D coordinate of the center of any object and the depth
frame, the system calculates the distance of that object from the camera and uses it as the z-coordinate of the object.

3.1 System Architecture

At first, the model loads the ArUco detector and initializes the object detector model and the RealSense camera. If the
camera is connected, the model takes the RGB frame and depth frame from the RealSense camera as input.

To make this model work, there should be an ArUco marker in the input frame. Figure 1 presents the ArUco marker
used in this study. The ArUco detector uses this marker as a reference, and by reading the marker, the ArUco detector
initializes the parameter. The model uses this parameter to detect corners (borderlines) of different objects from the
RGB frames.

Figure 1. ArUco marker used in this study

Using OpenCV, the model creates different rectangles around objects and calculates the height and width of each
object using the marker parameters. After that, the system identifies the x and y coordinates of the center point of
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different objects in terms of pixel values. Then the model uses the depth frame and the x, y coordinates of each object
to calculate the distance of that particular object from the camera. After all the calculations, the model displays the
RGB frame and sends the x, y, and distance value to the next step as a 3D coordinate. It also passes the height and
width of different objects to the next step along with the coordinates. Figure 2 presents the workflow of the proposed
system.

Load Aruco Detector
Load Object Detector
Initialize Depth camera

Is the camera
connected?

Get RGB and Depth frame
from the camera

!

Get Aruco marker (corners)

If corners
found?

4

Detect objects using OpenCV

Is there
any/anymore
object?

ﬁsplay the RGE image

Create rectangle
around the object

Use depth frame to get the distance| Convert height and weight
of the object from the camera to cm from pixel value
[y
Identify the center

of the object

Figure 2. Flowchart of the proposed OpenCV-based algorithm
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There are only three libraries used in this system: OpenCV, pyrealsense2, numpy. The pseudo-code of the proposed
system is presented below:

SET parameters TO OpenCV_Aruco_Detector
SET detector TO ObjectDetectorModel

WHILE True:
GET RGB_frame, depth_frame FROM Camera

IF corners:
CREATE border _lines around the object
SET contours TO detect_objects USING detector and OpenCV_Aruco_Detector FROM image

FOR cnt IN contours:
SET (x, y), (w, h), angle TO rectangle box
SET object_width TO pixel cm_ratio
SET object_height TO pixel cm_ratio
SET OUTPUT (x, y, z, width, height) as Text on Detected image

DISPLAY image frame until EXIT

4. Experimental Setup

For completion of this work, we are using the NVIDIA Jetson Nano Developer Kit 4GB version for computation and
detection purposes and Intel RealSense Depth Camera D435 for capturing the RGB as well as depth frame from the
image.

The NVIDIA Jetson Nano is a development kit and embedded system-on-module (SoM) from the NVIDIA Jetson
lineup (‘Jetson Nano Developer Kit' 2021). It is built in a small form factor and has powerful computational power,
making it ideal for computer vision and deep learning applications. Jetson Nano has a 128-core Maxwell GPU, quad-
core ARM A57 64-bit CPU, 4GB LPDDR4 memory, and MIPI CSI-2 and PCle Gen2 high-speed I/O capabilities.
Jetson Nano uses the NVIDIA JetPack SDK to run Linux and gives 472 GFLOPS of FP16 computation performance
while consuming 5 to 20W of electricity.

The Intel RealSense Depth Camera D435 features four lenses, an RGB module for regular photo and video, along
with an IR projector and a right imager, as well as a left imager for depth sensing ('Depth Camera D435' 2021). This
USB-powered camera calculates depth data using the stereo depth method. Intel RealSense Depth Camera D435 offers
accurate depth perception when the object is moving, or the device is in motion with the global image shutter and
wide field of view. Two depth sensors are spaced a short distance apart in the camera module. A stereo camera
compares the two images produced by these two sensors. These comparisons provide depth information because the
distance between the sensors is known.

The RealSense camera captures videos of the object placed in front of it and sends the video data to the Jetson Nano.
Then the Jetson Nano split frames from the video and started processing the image. After the computation and
detection of objects, it calculates coordinates, distance value, weight, as well as height information, and places on the
frame. Then it outputs the results to the connected display. Figure 3 illustrates the experimental setup of mapping and
localization in 3D space.
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Figure 3. Experimental setup of mapping and localization in 3D space

5. Results and Discussion

In the experiment, we used NVIDIA Jetson Nano as the development kit and Intel RealSense Depth Camera as the
input device. The proposed model successfully detects different objects from the image frame. It can accurately
measure the 3D coordinates of the center of different objects with respect to the center point of the camera along with
the height and width of that object. The overall accuracy of the proposed system is 94%. The accuracy is calculated
by validating the coordinates, height, and width of different objects. Figure 4 presents the detection of 3D coordinates
along with the height and width of different objects in real-time.
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Figure 4. 3D coordinates along with height and width of different objects

Although the proposed model works really well with the environment, there are still some limitations to the model.
To detect and calculate different data of the objects, the ArUco marker has to be in the frame, which is not feasible in
some cases. In the future, we will explore other approaches with object recognition and design a complete robust
model for different applications.

6. Conclusion

Robot manipulation is one of the fundamental segments in the field of robotics. To assist the robot in this task, various
vision-based approaches are being explored by the researchers. In this research, we have enlightened a computer
vision-based approach to detect and localize different objects in 3D space for a robotic system. We have used the
ArUco detector and OpenCV to detect any object within the image frame and generate the x, y, and z coordinates of
the center of that object along with its width and height. These data help the overall system to localize any particular
object in the 3D environment. The RGB channel and depth channel of the RealSense camera are used as the input
source, and Jetson Nano is used as the development kit in this study. Lastly, a series of methodical experiments are
performed to verify the overall performance of the proposed system. The system can successfully detect different
objects, generate 3D coordinates, and calculate the height and width of each object with an accuracy of 94%. In the
future, we will continue exploring other possible approaches to design a more robust model for different robotic
applications.
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