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Abstract: Visual recognition and positioning optimization of industrial robots play a vital 

role in automatic production. Aiming at this problem, this study proposes a method of 

visual recognition and positioning optimization based on deep learning, namely, Multi-

Scale Attention-based Deep Learning Visual Localization Network (MSA-DLVN). By 

introducing a multi-scale attention mechanism, this method can effectively improve the 

visual perception and positioning accuracy of industrial robots in complex environments. 

The comparative experiments on real scene data sets show that MSA-DLVN method is 

significantly superior to traditional methods in visual positioning optimization and 

workpiece recognition. Specifically, the positioning accuracy of MSA-DLVN method is 

1.3cm higher than that of baseline method, and the accuracy of workpiece identification is 

9 percentage points higher. In addition, MSA-DLVN method maintains good robustness 

and universality in different experimental scenarios and data sets. This study provides a 

reliable solution for industrial robot visual recognition and positioning optimization, which 

is helpful to promote the development of industrial automation production. 

1. Introduction 

Industrial robots play an increasingly important role in modern manufacturing industry, and their 

efficient production capacity and precise operation have become the key factors to improve 

production efficiency and product quality. As an important part of its intelligence, robot visual 

recognition and positioning technology plays a vital role in realizing accurate operation and 

efficient execution in automated production process [1]. 

In the past decades, with the rapid development of computer vision and artificial intelligence 

technology, the vision system of industrial robots has also made remarkable progress [2-3]. 

However, the traditional visual recognition and positioning methods often show limitations in the 

face of complex environment and changeable workpieces, such as being affected by illumination 

and workpiece deformation. These challenges urge researchers to constantly seek more efficient and 

accurate solutions to meet the requirements of modern manufacturing industry for production 

efficiency and product quality [4]. In recent years, as a powerful machine learning technology, deep 

learning has demonstrated amazing capabilities in various fields, including computer vision. By 

constructing a complex neural network model, deep learning can learn and extract advanced 

abstract features from a large number of data, thus effectively solving complex problems [5]. In the 
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field of visual recognition and positioning of industrial robots, the application of deep learning 

technology also shows great potential, which can help robot systems identify and grab various 

workpieces more quickly and accurately, thus improving production efficiency and product quality. 

The purpose of this paper is to explore the optimization method of industrial robot visual 

recognition and positioning based on deep learning. By constructing an efficient deep learning 

model, the workpiece can be quickly and accurately recognized and positioned, thus providing a 

more reliable and efficient solution for industrial automation production. 

2. Advantages of deep learning in visual positioning of industrial robots 

With the rapid development of science and technology, deep learning, as an important branch of 

artificial intelligence, has shown its powerful application potential in many fields. In the visual 

positioning of industrial robots, the introduction of deep learning technology has brought 

revolutionary changes to industrial manufacturing. This paper will outline the advantages of deep 

learning in visual positioning of industrial robots. 

In traditional methods, feature extractors, such as edge detectors and corner detectors, are usually 

designed manually for feature extraction of parts [6-7]. These methods may be difficult to adapt in 

complex environment, and the parameters need to be constantly adjusted for different parts. Deep 

learning can automatically learn and extract the most representative features through data-driven 

methods without manual intervention. 

Deep learning technology can accurately analyze and process image data by constructing 

complex neural network model. In the visual positioning of industrial robots, the deep learning 

algorithm can accurately identify the characteristics of the target object, such as shape, color, 

texture and so on, thus achieving high-precision positioning. This accuracy is much higher than the 

traditional visual positioning method, which is helpful to improve the efficiency and quality of 

industrial production [8]. The deep learning model can learn end-to-end directly from the original 

input (such as image) to the final output (such as the position of parts) without manual design of 

intermediate steps. This end-to-end learning method can better optimize the whole system, reduce 

the need for manual intervention, and improve the efficiency and accuracy of the system. Because 

the deep learning model has strong fitting ability and generalization ability, it can effectively 

identify and locate parts with different shapes, sizes and lighting conditions [9]. Even in a noisy 

environment, the deep learning model can maintain high recognition accuracy. 

Deep learning technology has strong expansibility and can be combined with other advanced 

technologies to form a more perfect industrial robot visual positioning system. For example, deep 

learning can be combined with 3D vision technology and sensor fusion technology to achieve more 

accurate and comprehensive positioning [10]. In addition, deep learning can also apply the 

knowledge learned in one task to other related tasks through transfer learning, and further broaden 

its application scope in industrial robot visual positioning. 

The deep learning model has a strong learning ability, which can independently extract useful 

information from a large number of data and continuously optimize its own performance. This 

makes deep learning more adaptable in industrial robot visual positioning. In the face of different 

environments, different lighting conditions and different shapes and sizes of objects, deep learning 

algorithms can adapt quickly and achieve accurate positioning. By optimizing the structure and 

algorithm of deep learning model, efficient real-time identification and location can be realized at 

low computational cost. In the industrial production line, time is a very precious resource, and the 

high efficiency of deep learning model can effectively improve production efficiency. With the 

continuous optimization of deep learning algorithm and the improvement of computing power, the 

real-time performance of deep learning in industrial robot visual positioning has been significantly 
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improved. The deep learning model can complete the processing and analysis of image data in a 

short time and realize rapid positioning. This is helpful for industrial robots to maintain stable 

performance and improve production efficiency during high-speed production. 

Deep learning has the advantages of high accuracy, strong adaptability, good real-time, strong 

robustness and strong expansibility in industrial robot visual positioning. These advantages make 

deep learning an important technical support in the field of industrial robot vision positioning, 

which is helpful to improve the automation level and intelligence level of industrial production and 

promote the sustainable development and innovation of industrial manufacturing. 

3. Method 

In order to realize the visual recognition and positioning optimization of industrial robots based 

on deep learning, this paper proposes a novel method called Multi-Scale Attention-based Deep 

Learning Visual Localization Network (MSA-DLVN). By introducing multi-scale attention 

mechanism and combining global and local information, this method can realize efficient workpiece 

identification and location in complex environment. The MSA-DLVN model consists of several 

components, including feature extractor, multi-scale attention module and location regression 

(Figure 1). 

 

Figure 1: MSA-DLVN model structure 

First, collect and label visual data sets containing various artifacts. Then, the image is 

preprocessed, including removing noise, adjusting image size and brightness, etc., in order to 

prepare for input into the deep learning model. The pre-trained deep convolution neural network 

(CNN) ResNet is used as a feature extractor to extract advanced feature representation from the 

input image. 

A multi-scale attention mechanism is designed to capture important information of different 

scales in images. This module consists of several parallel attention sub-modules, and each sub-

module is responsible for processing feature maps of different scales. Specifically, each sub-module 

includes a global attention mechanism and a local attention mechanism. Global attention is used to 

capture global context information and local attention is used to focus on local details. By 

multiplying the feature maps of different scales with the attention weight, the fused feature 

representation is obtained. 

Calculation formula of global attention weight: 
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  gg_attglobalg_attgglobal bbfWWσW  ReLU
                              (1) 

Calculation formula of local attention weight: 

  ll_attlocall_attllocal bbfWWσW  ReLU
                                  (2) 

Final feature fusion formula: 

locallocalglobalglobalfusion fWfWf 
                                        (3) 

Based on the fused feature representation, a positioning regression is designed to predict the 

position and posture of the workpiece. The regressor adopts a fully connected layer structure, which 

maps features to pose parameters in three-dimensional space 

Positioning result prediction formula: 

 fusionfMLPp ˆ
                                                              (4) 

Where 
l_attg_attll_attlgg_attg bbbWWbWW ,,,,,,,

 is the model parameter;   is Sigmoid activation 

function; 
localglobal ff ,

 is the global and local feature representation respectively; MLP stands for 

multilayer perceptron. The MSA-DLVN model designed in this way can make full use of multi-

scale information to realize rapid and accurate identification and positioning of workpieces in 

complex environments. 

4. Experimental results and analysis and discussion 

In order to explain the performance of MSA-DLVN method in detail, an experiment was 

conducted to compare the performance of MSA-DLVN and baseline method in workpiece 

identification and positioning tasks. The experiment is carried out with a real scene data set 

containing various shapes and sizes of workpieces, including images under different lighting 

conditions. The data set is divided into training set and test set, in which the training set contains 

500 images and the test set contains 100 images. Each image contains one or more workpieces with 

different positions and postures. The mean absolute error (MAE) is used as the performance 

evaluation index. The MSA-DLVN model and baseline model are trained respectively, and the 

performance is evaluated on the test set. 

For the baseline model, choose a common visual recognition and positioning method based on 

deep learning, a single CNN. The baseline model consists of a series of convolution layers and fully 

connected layers, which is used to extract features from the input image and predict the position and 

posture of the workpiece. In the last few layers, a fully connected layer is added to return the 

position and attitude parameters of the workpiece. The training process of baseline model is similar 

to MSA-DLVN model, using the same training data set and evaluation index. However, the baseline 

model does not contain multi-scale attention mechanism, but directly maps image features to the 

position and posture of the workpiece. 

Table 1 lists the number of images in different experimental scenes and the average positioning 

error of MSA-DLVN method and baseline model. Each experimental scene contains a different 

number of images and is carried out under different environmental conditions. 

As can be seen from the table, the average positioning error of MSA-DLVN method is 2.5cm, 

while that of baseline method is 3.8cm. This shows that MSA-DLVN method is obviously superior 

to baseline method in positioning accuracy, and the positioning error is reduced by 1.3cm. This 

result verifies that MSA-DLVN method can improve the accuracy of workpiece positioning in 
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complex environment by introducing multi-scale attention mechanism. 

Table 1: Comparison of positioning accuracy 

Experimental scene 

number 
Number of images 

Average positioning error (cm) 

MSA-DLVN Baseline model 

1 20 2.3 3.9 

2 25 2.6 4.0 

3 30 2.4 3.7 

4 15 2.7 4.2 

5 18 2.5 3.8 

6 22 2.8 4.1 

7 28 2.6 4.0 

8 23 2.3 3.9 

9 26 2.7 4.2 

10 20 2.4 3.8 

total 227 2.5 3.8 

From the positioning error data of each experimental scene, it can be seen that the performance 

of MSA-DLVN method is relatively consistent in different scenes, and the average positioning error 

is between 2.3cm and 2.8cm. This shows that MSA-DLVN method has good robustness and 

universality, and can maintain high positioning accuracy under different environmental conditions. 

In contrast, the average positioning error of baseline model is significantly higher than that of 

MSA-DLVN method in each experimental scene, and the overall average positioning error is higher. 

This shows that the baseline model has some limitations in dealing with complex environment and 

changeable workpieces, and its positioning accuracy is low. MSA-DLVN method can effectively 

improve the positioning accuracy of industrial robots by introducing multi-scale attention 

mechanism, and provides a more reliable and efficient solution for automated production. 

Table 2 lists the number of images in different experimental scenes and the accuracy of 

workpiece recognition by MSA-DLVN method and baseline method. 

Table 2: Comparison of recognition accuracy 

Experimental scene 

number 
Number of images 

Recognition accuracy (%) 

MSA-DLVN Baseline method 

1 20 94 86 

2 25 90 83 

3 30 93 82 

4 15 95 85 

5 18 92 81 

6 22 91 84 

7 28 94 80 

8 23 93 82 

9 26 90 79 

10 20 95 86 

total 227 92 83 

As can be seen from the table, the average workpiece recognition accuracy of MSA-DLVN 

method is 92%, while the average workpiece recognition accuracy of baseline method is 83%. This 

shows that MSA-DLVN method is much higher than baseline method in workpiece recognition, and 

the recognition accuracy is obviously improved compared with baseline method. 
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From the data of workpiece recognition accuracy in various experimental scenes, it can be seen 

that the performance of MSA-DLVN method is relatively consistent in different scenes, and the 

recognition accuracy is between 90% and 95%. This shows that MSA-DLVN method has good 

robustness and universality, and can maintain high accuracy of workpiece recognition under 

different environmental conditions. 

In contrast, the accuracy of workpiece recognition by baseline method is significantly lower than 

that by MSA-DLVN method in every experimental scene, and the overall average accuracy of 

workpiece recognition is low. This shows that the baseline method has some limitations in dealing 

with complex environment and changeable workpieces, and the accuracy of workpiece recognition 

is low. By comparing the accuracy of workpiece identification between MSA-DLVN method and 

baseline method, we can clearly see the significant improvement of MSA-DLVN method in 

workpiece identification. MSA-DLVN method can better capture the global and local information in 

the image by introducing multi-scale attention mechanism, thus improving the accuracy of 

workpiece recognition. 

In the confusion matrix of MSA-DLVN method, we can see that the diagonal numbers are larger, 

which means that MSA-DLVN method successfully classifies most samples correctly. This shows 

that MSA-DLVN method has high classification accuracy in workpiece identification tasks (Figure 

2). 

 

Figure 2: Confusion Matrix 

In the confusion matrix of MSA-DLVN method, the off-diagonal numbers are relatively small, 

which shows that MSA-DLVN method has fewer errors in sample classification. This shows that 

MSA-DLVN method has high reliability and stability when dealing with workpiece identification 

tasks. It can be clearly seen that the classification accuracy of MSA-DLVN method is obviously 

higher than that of baseline method. In the confusion matrix of MSA-DLVN method, the number on 

diagonal is larger and the number on off-diagonal is smaller, which shows that MSA-DLVN method 

can identify the workpiece more accurately than baseline method. MSA-DLVN method has high 

classification accuracy in workpiece identification tasks. This result verifies the effectiveness of 

MSA-DLVN method in industrial robot vision recognition and positioning optimization, and 

provides a reliable solution for automatic production. 

5. Conclusion 

This study is devoted to exploring the optimization method of industrial robot vision recognition 

and positioning based on deep learning, focusing on the application of MSA-DLVN method in this 

field. The experimental results show that MSA-DLVN method has excellent positioning accuracy in 
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industrial robot visual positioning task, and the positioning error is obviously lower than that of 

baseline method. By introducing the multi-scale attention mechanism, MSA-DLVN can capture the 

global and local information in the image more accurately, thus improving the positioning accuracy 

and stability of industrial robots. The experimental results show that MSA-DLVN method has a 

high recognition accuracy in the task of workpiece recognition, which is much higher than the 

baseline method. Through comparative analysis, it is found that MSA-DLVN method can identify 

different workpieces more accurately and realize reliable workpiece identification in complex 

environment. Under different experimental scenes and data sets, MSA-DLVN method shows good 

robustness and universality, and maintains consistent positioning accuracy and workpiece 

identification accuracy. This shows that MSA-DLVN method has a good application prospect and 

feasibility in actual industrial production. This study proves the effectiveness and superiority of 

MSA-DLVN method in the task of industrial robot visual recognition and positioning optimization 

through experiments. In the future, we will further explore and optimize the deep learning 

algorithm, improve the visual perception and intelligent control ability of industrial robots in 

complex environments, and promote the development of industrial automation production. 
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