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1. Introduction 

We are currently facing the issue of an aging 

population [1]. With age comes various health 

impediments, among them, there is reducing mobility [2]. 

Having limited mobility greatly affects one’s quality of 

life. In fact, an important aspect of one’s quality of life is 

linked to the ability to move, the satisfaction with 

functional capacity, in other words to have the 

autonomy to achieve basic everyday life activities [3]. 

We believe that assistive robots can be part of the 

solution to bring more autonomy to elderly people. 

We develop a shopping robot. Not only doing groceries 

is an essential activity, it also can represent a long trip 

for a person with reduced mobility. The objective is not 

simply to provide the items to the user but also to allow 

the user to enjoy a groceries experience as if they were 

in a store through a robot. 

A very important criterion for this system is the ease 

of use. Particularly for 80 years-old and older people, 

issues related to the ability of using technology were 

observed [4]. By using visual communication that 

requires minimal effort from the user side, we hope to 

provide a solution accessible to anyone. In practice, the 

RGB images from the RGB-D camera mounted on the 

robot are streamed on the user computer. One click on 

the object displayed on screen launches the 

segmentation, and another click validates the 

segmentation result or not. To perform the segmentation, 

both depth and RGB information are used. 

When doing groceries, an important part of choosing 

between a product from different brands is the 

composition. Furthermore, elderly people can have 

dietary restrictions due to their medication [5]. 

Composition can be crucial in case of severe allergies. 

Therefore, we add barcode recognition functionality to 

the robot. Using a product barcode number, we can find 

its composition in an online dataset. 

In this paper, we present the software of the robot 

with its various algorithms. The focus will be the 

barcode recognition feature where both algorithm (Fig. 

3) and experimental results will be presented. 

 

2. Related work  

This paper presents the continuation of a human-

robot cooperative system based on visual communication 

[6]. This time, a barcode recognition feature has been 

added to respond to the need for information on the 

product the user wishes to acquire. 

Barcode recognition using visual information has been 

a deeply studied topic with a high demand from various 

industries. Using deep learning approach in a barcode 

recognition algorithm has been the trend for the past 

few years [7]. Some researches use artificial intelligence 

purely for detection purposes [8][9]. Others use it for 

denoising and recognition purposes [10]. There is also a 

research that combines various models to present a 

barcode recognition solution entirely powered by deep 

learning [11]. These papers’ algorithms take images or a 

video of non-moving barcodes as input. For moving 

barcode, we can find few works with conveyer belt for 

the shipping industry [12]. 

However, in all those papers, it is assumed that the 

barcode will be directly visible by the camera, or human 

intervention will make the barcode visible. In our 

research, the objective is to develop a system able to 

autonomously manipulate an item to read its barcode. 

3. Methodology 

The robot system uses a RealSense D415 camera [13] 

as a sensor for both visual and depth information. A 

five-degree-of-freedom Dynamixel arm, equipped with a 

two-finger gripper end-effector is used for object 

manipulation. 

Most of the image processing is handled in a C++ 

program using OpenCV [14]. The zbar library [15] is 

used to decode the barcode. To detect and localize the 

barcode, the robot system uses the YOLOv9 model, 

trained with a public dataset [16] and additional images 

taken from experiments, in a Python program. The two 

programs exchange information using socket 

communication. Figure 1 gives the state-transition 

diagram of the robot software. 

 

Fig. 1 Robot state-transition diagram 
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3.1 Object segmentation 

Using Intel RealSense SDK 2.0 [17], we can compute 

the normalized normal vector map of the camera depth 

frame. Using the user’s click as the seed, a region 

growth algorithm is run to obtain a first mask. Since 

there is missing data noise, a hole filling algorithm is 

applied to improve the mask.  

If more than one object is on the mask because they 

were displayed juxtaposed, we detect the shadow line at 

the edge of the target to isolate it in the RGB image. 

Using noise filters and the Canny filter on the RGB 

image masked by the depth segmentation[18], a binary 

image of the objects’ edges is obtained. We can then 

apply a conventional Hough transform to find the 

lines[18]. Another region’s growth algorithm using the 

user click as the seed is used to obtain the final region. 

The smallest rectangle containing the region is used for 

object acquisition. 

3.2 Object localization and size estimation 

Using the principle point of the camera (ppx, ppy), the 

focal length f and the average depth of the segmentation 

rectangle d, the center point, height and width of the 

object segmentation rectangle in pixels ((xp, yp), hp, wp) 

can be converted in meters in the camera coordinate 

plane ((xm, ym) hm, wm). 

 

𝑥𝑚 =  
(𝑥𝑝 − 𝑝𝑝𝑥)𝑑

𝑓
, 𝑦𝑚 =  

−(𝑦𝑝 − 𝑝𝑝𝑦)𝑑

𝑓
 

ℎ𝑚 =  
ℎ𝑝 × 𝑑

𝑓
, 𝑤𝑚 =  

𝑤𝑝 × 𝑑

𝑓
  

 The metric coordinates of the rectangle center are 

converted from the camera coordinate system to the arm 

coordinate system. 

3.3 Arm movement control 

There are 2 movement sequences performed by the 

robot: grabbing the object and showing various sides of 

the object for barcode recognition. They require 

computations to ensure the correct placement of the 

robot arm according to the object dimensions. For the 

first sequence, we want to place the arm to be able to 

grab the object from the top, the barcode being at the 

lower part of the packaging in most cases. For the 

second sequence, the objective is to display the barcode 

to the camera for recognition. We want the bottom of the 

object to be around the center of the camera view for 

different sides. 

The ROBOTIS Dynamixel SDK [19] is used to control 

the motors of the arm according to the calculation. The 

arm movement is a three-dimensional kinematic 

problem. We simplified the computation of the solution 

by dividing the problem into two two-dimensional planes 

(Fig. 2). 

At the initial position of the arm, only the motor M1 

has a rotation along the y-axis. The motor M1 angle to 

align the arm with the target object T can be computed 

using trigonometry. 

𝛼 = 𝑎𝑟𝑐𝑐𝑜𝑠 (
𝑧. 𝑀1𝑇⃗⃗⃗⃗ ⃗⃗ ⃗⃗⃗

‖𝑀1𝑇⃗⃗⃗⃗ ⃗⃗ ⃗⃗⃗‖
) 

To compute the angles for the motors M2,3 and M4, a 

two-dimensional version of the FABRIK algorithm [20] 

is used with the motor M6 as the end-effector. The angle 

for the motor M6 is computed with the following 

trigonometry formula. 

𝛼6 =  𝜋 +  𝑎𝑟𝑐𝑐𝑜𝑠 (−
𝑧. 𝑀4𝑀6

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗

‖𝑀4𝑀6
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ‖

) 
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3.4 Barcode recognition 

The YOLOv9 model was trained for barcode detection. 

An initial public dataset [16] was completed with images 

taken from experimental videos that contained more 

variety in linear distorted images (Fig. 4). In total, 1,113 

images were used for training.  

The image cropped with the bounding box resulting 

from YOLO is then processed. First, it is converted into 

a grayscale image. If either height or width is smaller 

than 200 pixels, it is resized. The zbar library reads 

grayscale images with a relatively large barcode. 

A threshold filter is used to obtain the binary image of 

the barcode and a mask. The threshold value is 

computed for each frame. Since the barcode should be in 

the center of the bounding box, we use the center 50x50 

square as input for the threshold calculation. Using its 

histogram, we can find the smallest value so that at 

least 55% of the pixels are darker and use it as the 

threshold. 

Using a morphological closing filter, the mask is 

processed to find a more precise segmentation of a 

portion of a barcode. The minimum enclosing rectangle 

of the segmentation mask is used to find the angle for 

the rotation correction.  

The zbar library scanning function is used on the 

processed barcode to attempt to read the barcode 

number. We attempt to read both binary and grayscale 

images with rotation correction as the binarization 

sometimes loose too much information. The barcode 

image processing is shown in Figure 5. 

To ensure a robust reading, the reading for all frames 

during the second movement sequence of the robot are 

memorized. The result of the barcode recognition 

algorithm is the most recurring reading among the 

memorized barcode numbers. 

4. Experiment 

4.1 Experimental setup 

In In this paper, we are focusing on the performance 

of the barcode recognition feature. Therefore, in the 

experiment, one or several objects are displayed about 

45 cm away from the robot. There are at least 10cm 

spacing between objects to simplify object acquisition. 

An experiment corresponds to the following scenario. 

The user will click on the displayed object to launch and 

validate the segmentation. The robot will grab the object 

and present the front and back side of the item. The 

barcode is either on the front or back side of the object. A 

total of 70 experiments were conducted. 

4.2 Metrics 

For each experiment, specific events are observed: 

• Whole: the whole barcode was displayed on 

camera 

• Detect: the barcode was detected 

• Read: some information was retrieved from 

reading the barcode 

 

Fig 4 Experimental data for training Threshold 
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Table 1 Experiments results 

 whole detect read correct 

No. of experiments 

with the event 
60 60 44 43 

Table 2 Computer specifications 

Processor 
12th gen Intel Core i7-12700H, 

2300MHz 

RAM 32.0 GB 

System type 64-bit OS 

• Correct: the algorithm result is the correct 

barcode number 

To specifically measure the performance of the 

barcode recognition software, we used a readability 

score R. This metric gives an indication of the barcode 

performance regardless of the object manipulation 

performance. It is computed using the number of 

experiences where the whole and correct events were 

observed, respectively NW and NC. 

𝑅 =
𝑁𝑊

𝑁𝐶
× 100 

5. Results 

Table 1 presents the detailed results for each 

experiment. Due to movement restrictions of the robotic 

arm, only two sides of the object can be shown. For 

cylindrical objects with the barcode initially at the back, 

the manipulations only exposed a partial barcode. There 

were also some occurrences where the object was 

dropped during the manipulations. This leads to only 60 

experiments where the barcode is shown. The YOLOv9 

model was able to detect the barcode in every 

experiment where it was fully shown. The readability 

score of R=72% was achieved.  

The average runtime of the barcode recognition for 

each frame is 79.2ms. The program can be run at 12fps. 

6. Conclusion and future work 

We have developed a system able to acquire displayed 

objects and manipulate them to read its barcode. We 

were able to detect barcodes with non-rectilinear 

movements. The feasibility of an automated system to 

read barcodes on objects, even if they are not directly 

visible, was verified. 

While the barcode recognition displays promising 

results, there is still room for improvement in both 

speed and reading ability. Firstly, a robot arm with at 

least one more degree of freedom will allow to do a 360˚ 

rotation of the object in front of the camera. This would 

eliminate the experiments where the whole barcode is 

not shown on a camera. Furthermore, adjusting the arm 

position based on the barcode detection might improve 

the number of readable frames. Focusing on the 

recognition algorithm, a different approach in the 

barcode processing, using only a horizontal section of the 

barcode, is considered to improve the processing time. 
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