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Abstract 

The objects grasping is one of the fundamental robotic problems. Accurate and efficient real-time object detection is 

crucial for successful grasping in robots equipped with monocular vision. Deep machine learning has made significant 

progress in solving problems of object detection and image segmentation. At the same time, classical computer vision 

methods do not lose their relevance and can also be used for these tasks. In this research, we conduct a comparative 

analysis of the effectiveness the YOLOv8-seg neural network model versions for solving the image segmentation 

problem with classical segmentation methods. The obtained results allowed us to formulate some recommendations 

on the choice of a particular method for object detection depending on the surrounding environment conditions. 
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1. Introduction 

Robotic grasping is one of the fundamental tasks of 

robotics, relevant to all its branches [1], including 

industrial [2], service [3] and social robotics [4]. 

Grasping can be particularly important in collaborative 

robotics, when a robot and a person use common tools or 

perform joint assembly [5].  

Obtaining information about the shape of the captured 

objects is an important stage in the implementation of 

grasping [6]. The shape of objects can be determined 

using various sensors, including cameras and lidars. At 

the same time, solutions that allow detect grasping 

objects using monocular cameras are also of practical 

interest. Deep machine learning has made significant 

progress in solving problems related to object detection 

[7] and image segmentation [8]. However, classical 

computer vision methods do not lose their relevance and 

can also be used for these tasks. In this paper, we present 

the results of our experiments aimed at comparing 

classical object detection methods with object detection 

and segmentation using the YOLOv8-seg models family. 

The aim of our research is to evaluate the accuracy and 

effectiveness of various methods for detecting object 

contours in robotic grasping. 

2. Related Work 

In the past few years, there has been a lot of research 

reported on robotic grasping problems. Some approaches 

to solving the problem of robotic grasping are presented 

in the review [9]. The overview of different approaches 

to computer vision-based robotic grasping presented in 

[10] and [11]. The effectiveness of deep machine learning 

in object detection on RGB-D images for robotic 

grasping is well demonstrated in the work [12]. At the 

same time, detecting objects in RGB images seems to be 

a much more difficult task, since such images do not 

contain depth information. Examples of works exploring 

the challenges of robotic grasping using monocular 

vision and RGB images include works [13] and [14]. 

Often, the effectiveness of grasping area detection 

methods is evaluated using one of the popular datasets, 

such as Cornel dataset [15] and Jacquard dataset [16]. 

The use of publicly available datasets allows comparing 

the effectiveness of different approaches. According to 

the data from the “Paper with Code” platform [17] the 

accuracy of various grasping methods based on machine 

learning, estimated with the help of Cornel Dataset was 

made from 88% in 2016 for  Multi-Modal Grasp 

Predictor [18] to 98.2% in 2021 for Ainetter and 

Fraundorfer CNN-based architecture [19] and 98.9% for 

Efficient Grasping model by Cao et. al [20]. At the same 

time, the accuracy estimates on the Jacquard dataset for 

the Ainetter and Fraundorfer model [19] was 92.95%, and 

for the Efficient Grasping model by Cao et. al [20] was 

95.6%.  

As it can be seen, estimates of the accuracy of different 

methods may vary from the quality of the test dataset. In 

addition, although public datasets provide an overview of 

the effectiveness of a given method, these datasets do not 

always take into account the peculiarities of objects and 
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environments encountered in real cases. Therefore, 

datasets that are close to the real conditions of a particular 

task are always of special interest. In this research work 

we will make a comparative analysis of various methods 

of objects detection on own dataset, adapted to the real 

object grasping task. As an example of a model that 

provides acceptable accuracy along with the high 

inference speed and usability we use the YOLOv8-seg 

model for object segmentation. The YOLOv8-seg model 

is based on variant of the U-Net architecture [21]. The 

YOLO models family based on hybrid convolutional 

neural network architecture [22], [23] and often used in 

robotics. 

3. Materials and Methods 

3.1. Object detection problem statement 

We model a situation in which the working cell of a 

robotic manipulator is equipped with a single monocular 

camera fixed above the working area. During the 

experiment, the camera does not change its position. This 

camera transmits image of the table area, on which three 

objects can be placed at random: pliers, screwdrivers and 

PIR sensor. We assume that the objects are homogeneous, 

so we can assume that the center of mass of each object 

coincides, or is close, with its geometric center. Therefore, 

the optimal gripping points must also be near the 

geometric center of each object. 

Thus, in the context of the task of detecting objects for 

their robotic grasping, we need to determine the object 

class (pliers, screwdriver, or PIR sensor), the contours of 

the object, the geometric center of the object (the center 

of mass of the contour) and the orientation of the object. 

Note that in order to calculate the center and orientation 

of an object in this case it is enough to define its contour. 

3.2 Datasets 

For our experiments, we have prepared a set of 100 

images with resolution 640480 pixels containing three 

different target objects: pliers, screwdriver and PIR 

sensor. The choice of objects is determined by the context 

of collaborative tasks in which it is planned to use this 

robot in the future. In addition, these objects have 

different shapes and colors, which can help identify 

potential issues with specific object detection methods. 

The images were taken under various lighting conditions 

and against different backgrounds. 

However, to test the hypotheses of our study, we also 

prepared 20 images with backgrounds that differed from 

those in the training dataset images. A total of 165 

annotated images were prepared for model training, with 

132 included in the training dataset, 17 images in the 

validation dataset, and 16 in the test dataset. To improve 

the quality of training, 236 images derived from the 

original 132 training dataset images were added to the 

training dataset through rotation and perspective 

distortion. 

3.3 Object detection methods 

For our experiments, we used the YOLOv8n-seg and 

YOLOv8s-seg models pre-trained on the COCO dataset 

by Microsoft. YOLOv8n-seg and YOLOv8s-seg models 

trained on a set of 368 images of size 640×480. 

To extract the object’s contours we used two classical 

methods. The first method is based on the conversion to 

HSV space and channel thresholding. And the second 

method uses the Canny edge detector, as well as auxiliary 

erosion and dilation transformations. The classification 

of the extracted contours is based on a single feature − the 

aspect ratio of the bounding box. 

3.2. Evaluation 

Each method of object detection and segmentation was 

evaluated using two commonly used metrics: the Jaccard 

index (1) − also known as the IoU (Intersection over 

Union) metric, and the Dice coefficient (2) − also known 

as the F1-score metric. These metrics are based on the 

formulas (1) и (2). In formulas (1) and (2) A is the set of 

pixels belonging to the real object in the image, B is the 

set of pixels of the result of segmentation. 

𝐼𝑜𝑈 =
𝐴 ∩ 𝐵

𝐴 ∪ 𝐵
 (1) 

𝐹1 = 2
|𝐴 ∩ 𝐵|

|𝐴| + |𝐵|
 (2) 

For each method, we also measured the inference time 

per frame in the test video and calculated the inference 

speed as the number of processed frames per second 

(FPS). 

4. Experiment Results and Discussion 

At the first stage of the experiment, we evaluated the 

average values of IoU and F1-score for 100 images from 

our dataset. Then, at the second stage of our experiment, 

we conducted the evaluation using 20 images with 

significantly different backgrounds compared to the 

backgrounds of the images in the training dataset. The 

results of these stages are presented in Table 1 and Table 

2. 

Table 1. The object detection methods accuracy obtained on 

images with conditions similar to the training dataset. 

Method IoU F1-score 

Thresholding 0.4112 0.4658 

Canny edge detector 0.1720 0.2257 

YOLOv8n-seg  0.8248 0.8811 

YOLOv8s-seg  0.8612 0.9185 
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Table 2. The object detection methods accuracy obtained on 

images with conditions differing from the training dataset. 

Method IoU F1-score 

Thresholding 0.8047 0.8771 

Canny edge detector 0.0252 0.0469 

YOLOv8n-seg  0.3186 0.3477 

YOLOv8s-seg  0.2299 0.2535 

Thus, in the case where the images background was 

present in the training dataset, the best result was 

obtained by YOLOv8s-seg and YOLOv8n-seg models. 

However, the YOLOv8n-seg model showed an 

expectedly lower result compared to YOLOv8s-seg 

model. The thresholding-based method showed 

significantly lower results than the YOLOv8-seg models, 

but exceeded the Canny edge detection method. 

Examples of object detection and segmentation using 

models YOLOv8n-seg and YOLOv8s-seg are presented 

in Fig. 1 and Fig. 2. 

 
Fig. 1. The example of successful recognition of 

all objects using the YOLOv8n-seg model. 

However, in cases where the background on which the 

objects are located differed from the backgrounds in the 

training images, the method based on threshold 

processing of channels in the HSV color space showed 

better results compared to both the YOLOv8s-seg and 

YOLOv8n-seg models, as well as the method based on 

Canny edge detector. Fig. 3 presents an example of object 

detection and segmentation on an image with a 

background different from the training dataset. In this 

instance, the YOLOv8s-seg and YOLOv8n-seg models 

failed to detect object contours on the complex 

background not included in the training dataset. The 

method based on Canny edge detector also did not give 

positive results. 

 
Fig. 3. The example of object contour detection using 

a classic threshold-based method in cases where 

YOLOv8n-seg and YOLOv8s-seg models failed. 

Table 3 presents the results of FPS evaluation on the 

test video for all the considered methods. The best 

inference speed result belongs to the method based on the 

Canny edge detector, followed by the threshold-based 

method in second place, and the YOLOv8s-seg model 

demonstrated the worst result. 

Table 3. Results of FPS evaluation for the considered 

methods. 
Method FPS 

Thresholding 21.8 

Canny edge detector 32.6 

YOLOv8n-seg  4.2 

YOLOv8s-seg  2.1 

5. Conclusion 

The obtained results allowed us to formulate some 

recommendations on the choice of a particular method for 

object detection depending on the surrounding 

environment conditions. In cases where the scene is not 

overloaded with a large number of objects, the 

environmental conditions remain stable, and the objects 

significantly differ from the background and have 

relatively homogeneous texture, classical methods can be 

quite successfully applied to extract the contours of the 

target objects. Moreover, in contrast to machine learning 

methods, these methods do not require the preliminary 

collection of a large amount of training data and 

annotation, and they also characterized by higher 

inference speed. However, if the environmental 

conditions change dynamically, these methods become 

practically inapplicable. In this case, the optimal solution 

would be to train a previously pre-trained neural network 

model. However, the training dataset must be close to the 

real conditions in which recognition is planned, in 

particular, it is necessary that the background on which 

the target objects are located is the same as in real  
Fig. 2. The example of successful recognition of all 

objects using the YOLOv8s-seg model.  
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conditions. Otherwise, the quality of detection and 

segmentation is significantly reduced. 
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