[image: Discover University of Wales Trinity Saint David]




Research Methods and Professional Development (ACCA7004)


Tooth loss detection system for electric shovels in mines



Name: Zhao Weiyu
Student code: 2203629
Tutor: Prof. C Campbell 
Department: Software Engineering





Content
Abstract	3
Chapter1-introduction	4
1.1 Introduction to the problem	4
1.2 Aim & Objectives	5
Chapter2-Literature review	6
2.1 Introduction	6
2.2 Working principle of the electric shovel	6
2.3 Hazards of losing shovel teeth	6
2.4 Previous studies	8
2.5 Target detection algorithms	9
Chapter3-Research methodology	12
3.1 Introduction	12
3.2 Research Philosophy	13
3.3 Research Approach	13
3.4 Research Design	13
3.5 Data Collection	14
Chapter4-Design	14
4.1 Software Design	14
Chapter5-Expected outcomes	17
Chapter6-References	18
Chapter7- Timeline	21

[bookmark: _Toc133324815]Abstract
As the main mining equipment for open pit mine, the teeth of the shovel are prone to fall off or break under the long time and high intensity loading operation, which will affect the service life of the shovel bucket if it continues to be used without treatment, and once the fallen teeth enter the crusher without being detected, it will lead to damage of the crusher, which is a great danger to the operator and potentially huge losses to the industry.
To solve this problem, the authors hope to combine machine vision and convolutional neural network technology, and apply the current target detection algorithm to build a intelligent monitoring system for large electric shovel tooth, this monitoring technology can monitor the large electric shovel in real time during the process of work and determine whether there are abnormalities in the shovel teeth, when the system detects that the shovel teeth fall off or break, this monitoring system will immediately send out an alarm to remind the operator to deal with, to minimize the loss of the shovel teeth fall off.
The main purpose of this paper is as follows:
To propose a deep learning-based intelligent monitoring system for electric shovel tooth shedding, analyze the actual needs of the field working conditions and the structural faults of the shovel teeth, then, based on the results obtained from the analysis, complete the design scheme, select suitable hardware and build a hardware platform, collect and process the field images, and create a dataset.
Based on the algorithm and the collected data set, a target detection model is constructed to detect the number of shovel teeth using the target detection technology. The detection accuracy and real-time performance of the model can meet the requirements for the subsequent judgement of the system under actual working conditions.





[bookmark: _Toc133324816]Chapter1-introduction
[bookmark: _Toc133324817]1.1 Introduction to the problem
When a large electric shovel is working, the bucket takes on the main role in shovelling. In the course of its work, the movement of the bucket is controlled by the wire rope and the bucket bar, and the operator of the shovel controls the rope and the bucket bar to lift and push the bucket. In the electric shovel for shovelling operations, the bucket and shovel teeth under the control of the operator will be deep inside the minerals such as violent collision and friction, at the same time, because of the composition of different ore materials and blasting effect leads to its block crushing size is different, it will directly affect the direct contact with the minerals of the shovel tooth body, shovel tooth tip position will be subject to greater impact, friction and extrusion force, etc. The tip of the teeth will be subjected to large impact, friction and extrusion forces and other forces under the joint action of serious wear, and even cracks and fatigue fracture. Moreover, as large electric shovels are subjected to long periods of high intensity work in harsh working conditions and complex working conditions, the working cycle of electric shovel teeth is about two to three weeks. Therefore, the problems that occur in electric shovel buckets are mainly tooth failures, and their safety incidents mainly include the following two kinds[1,2]:
(1) Fracture
When the electric shovel in the shovel work encounter hard ore, electric shovel teeth suffered too much impact, but the electric shovel teeth toughness can not withstand such a large force, then the shovel teeth will fracture. Because of the fixed structure of large electric shovel teeth, the structure at the corner between the tip and the root of the tooth is hollow, so the force generated by many external forces may be concentrated in this part, as shown in Figure 1.
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Figure1 Fracture-prone areas of shovel teeth
And considering the casting process of the shovel teeth and the operating habits of the operator, these positions are very prone to shovel tooth fracture accidents. Another situation is that in the process of shovelling, the upper and lower sides of the shovel teeth are not balanced for a long time, resulting in more serious wear on one side, plus the bending moment force when digging, the shovel teeth may also be fractured.
(2) Dislodging 
A dislodged tooth is a case where the entire tooth falls off the bucket due to external forces. The teeth of the shovel are connected to the main body of the bucket by means of a card slot and a pin. Due to the harsh working environment and complex working conditions, the connection between the shovel teeth and the bucket is easily loosened under the influence of fatigue stress and impact load, so the pins may be deformed or fractured[3].
[bookmark: _Toc133324818]1.2 Aim & Objectives
The aim of this project is to design and implement an intelligent system for detecting the loss of shovel teeth. It can be used to detect the absence of teeth by collecting and automatically segmenting teeth photos. In this way, it will ensure that staff are alerted when a shovel tooth has fallen off or broken, thus minimize the resulting economic loss.
The objectives of the project are as follows:
· Background survey, which investigates the production environment, current status of electric shovels and explains the need for tooth detection as well as the current study in the field.
· Design and implement a system for the automatic detection and identification of shovel teeth.
· Use mine records to collect feedback from inspection systems for tooth accident detection.
· Analyse the data collected to determine if the inspection system has improved the safety of electric shovels in mines.
In order to accomplish this task, the research proposal requires an understanding of the background to the work of mining shovels and the current concepts related to machine vision target detection. This chapter has already provided an introduction to the problem of tooth loss and design objectives; the chapter 2 will provide an understanding of the current background knowledge related to electric shovels in mines, the progress of existing research in the field and the currently available target detection algorithms by way of a literature review; the chapter 3 will present the research philosophy, methodology, design and data collection methods used in the study; the chapter 4 will present the functionality and flow of the software system; chapter 5 presents the final results of this research proposal after its implementation.

[bookmark: _Toc133324819]Chapter2-Literature review
[bookmark: _Toc133324820]2.1 Introduction
In this chapter, the research proposal will present the required background knowledge, including the production environment of electric shovels in mines and the current safety hazards of electric shovels, as well as studies in the field and target detection algorithms.
[bookmark: _Toc133324821]2.2 Working principle of the electric shovel
In the large electric shovel to dig shovel process, the electric shovel bucket by the lifting force of the wire rope and bucket rod push pressure together, the bucket through the shovel teeth cutting minerals to reduce friction into the ore material pile, the electric shovel bucket to continue to apply forward and upward force, at this time the bucket is upward and forward movement, minerals are loaded into the bucket [4], its working mode as shown in Figure 2.
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Figure2 Illustration of an electric shovel in action
[bookmark: _Toc133324822]2.3 Hazards of losing shovel teeth
In electric shovel operation, the shovel bucket is pushed by the bucket bar, which causes the shovel teeth to be deeply embedded in the ore, thus making the shovel teeth as a whole subject to impact, friction and other factors, hence leading to damage of the shovel teeth. In addition, as the electric shovel is shoveled in the work, the shovel teeth will be affected by the digging load and bending moment, which will easily create cracks or even fracture, especially when the electric shovel is loaded with hard and large blocks of ore material, the shovel teeth contacting the hard ore material will produce a huge counter reaction, so that the shovel teeth originally installed on the base of the bucket will easily fracture at the pin part or loose throughout [5]. When shovel teeth fall off and break off, this can result in two situations:
· As the main part of the bucket inserted into the ore material layer, the loss or fracture of the teeth will increase the frictional resistance of the electric shovel when shovelling and digging, and the cutting efficiency of the teeth on the ore material layer will become lower, thus reducing the mining speed of the electric shovel, and thus decreasing the efficiency of the whole surface mining operation; at the same time, the lack of the teeth makes the bucket directly rub with the ore materials , and the hardness of the bucket is low and easily damaged, so it will have an impact on the life of the bucket and the electric shovel as a whole, which increases the cost of maintenance of the equipment and further reduces the efficiency of the whole surface mining operation.
· More importantly, most of the shovel teeth are made of high-strength manganese steel alloy, and different manufacturers of shovel teeth have different manganese components, so when the shovel is working, but the shovel operator does not find out in time that the shovel teeth have fallen off or broken, thus the fallen or broken shovel teeth will be mixed with the ore materials and loaded into the mining truck, and the mining truck will directly transport the fallen or broken shovel teeth and ore materials to the crushing plant. If this is not detected in time, the dislodged or broken tooth will be transported to the ore crusher at the same time as the ore material via the belt transport equipment. The hardness of the shovel teeth is high and if they fall off or break into the ore crusher, they will cause serious damage to the crusher body, leading to the destruction of the entire crushing system, which in turn will lead to a reduction in production for the entire mining enterprise and may result in a serious shutdown. The high maintenance fees for the entire crushing system, the difficulty and time required to overhaul the system, and the potential for long periods of production reduction or shutdown, can result in extremely high cost losses. This can also have serious and indelible consequences for the main production line of the mine, and the safety of the operators carrying out the crushing process is at risk once the dislodged or fractured teeth enter the crusher.
Given the efficiency of mining enterprises, most of the electric shovels used in opencast mining are large and bulky, and the complex working conditions and harsh working environment lead to the fact that the operators of large electric shovels cannot monitor and report the working condition of the teeth of the shovels through manual inspection. This means that it is impossible to find out in time that the teeth have fallen off or broken, and it has a certain delay, and it is impossible to carry out maintenance immediately after discovery, which greatly reduces the working efficiency, and this method of manual monitoring requires the shovel operator to observe and record the shovel, or arrange other operators to carry out manual monitoring at the  worksite throughout the day.
[bookmark: _Toc133324823]2.4 Previous studies
In recent years, researchers in relevant professions and university enterprises have made significant progress in improving the effects caused by tooth loss in shovels. Two important means of detection are contact and non-contact detection. This article summarizes several studies in this area.
Luo Xiujuan[6] and colleagues proposed a solution for shovel tooth detection in 2004 that uses a laser rangefinder to monitor the teeth in real-time. The solution establishes a normal three-dimensional model of shovel teeth and builds a real-time model based on the distance between teeth collected using the laser ranging principle. A parallel calculation method is used to increase processing speed. 
He Lei[7] proposed a shovel tooth detection algorithm in 2011 that combines morphological, structural, and shape feature processing techniques of images. The solution increases feature constraints and uses HOG and SVM to improve the accuracy of shovel tooth detection.
Ser Nam Lim[8] developed a shovel tooth detection system in 2016 that uses the optical flow method and frame difference method. The system takes a large number of samples of the shovel tooth data collected from a large electric shovel in the shovel loading working state to locate the approximate position of the shovel tooth. Then, it locates and tracks the shovel tooth position using the optical flow method, and uses the frame difference method to correct the position of the teeth. Finally, the grayscale features of the image are used to judge the working status of the bucket teeth.
In 2017, Tang Heng[9] proposed a new bucket tooth shedding detection algorithm that combines infrared imaging with traditional target detection methods to improve the accuracy of electric shovel tooth shedding detection. In the experimental validation process, good results were achieved.
Wang Ping[10] and colleagues proposed a bucket structure health monitoring system in 2018 that uses an infrared camera to collect pictures of the bucket structure. The system uses convolutional neural networks to classify bucket tooth faults and the SIFT template matching method to locate the position and number of the bucket teeth. The actual size of the shovel tooth area is then used to determine whether the shovel tooth is faulty, improving the fault detection method.
Li Dongpeng[11] proposed a contact tooth shedding monitoring scheme in 2019 that consists of a receiving module, magnetic induction module, and transmitting module. When the bucket and the teeth of the shovel are shifted away from each other, the signal transmitting circuit is activated.
Zhou Shilu[12] used the Faster R-CNN target detection algorithm in 2020 to predict the location where the electric shovel teeth fall off and make a preliminary determination of the degree of tooth wear. 
Tian Kuan[13] combined convolutional network and machine vision theory to design an electric shovel tooth fault detection system that improved the YOLO-v3 algorithm model in 2020. 
Wang Lianjie[14] and colleagues optimized and improved the system in 2021 by adopting the YOLO-v4 target detection algorithm and using the K-means algorithm to re-cluster the candidate areas according to the characteristics of the shovel tooth data. The output results of the prediction model are then judged.
In summary, researchers have conducted a comprehensive study of tooth shedding detection in electric shovels, and these studies have largely used machine vision technology to monitor tooth shedding. Machine vision technology has evolved from traditional image processing technology to today's deep learning-based machine learning methods, along with the rise and development of artificial intelligence computer vision technology, deep learning-based machine learning methods in the image and video aspects of the application of target detection, tracking, understanding and other areas of rapid development, the use of deep learning-based machine vision on the electric shovel teeth off the real-time detection has become a current research trend.
[bookmark: _Toc133324824]2.5 Target detection algorithms
The task of target detection technology is to determine the position and category of a target in a single image without regard to the appearance, shape, illumination and partial occlusion of the target being detected. With the rapid development of machine vision technology, target detection technology is widely used in face recognition, text recognition, industrial security monitoring, intelligent transportation and other technological fields.
After a survey of national and international literature, the current target detection methods are summarised in the following five categories according to the detection means they employ:
(1) Template-based matching method 
Using the template matching method, it is necessary to save the template of the normal target to be detected before carrying out the detection, and to determine the location of the detection target based on the comparative analysis of the target template and the normal template created during the real-time detection process. This method has problems such as difficult template selection and low matching efficiency, and is therefore rarely applied [15].
(2) Target Detection Method Base on Image Segmentation
Before detection, this target detection method extracts the semantic information hidden in the image by processing it with a suitable image segmentation method based on the colour and shape of the target object in the acquired image [16], separates the target from other objects in the image and the background, and finally uses a classifier to classify the target in the candidate region. The usefulness of this method is related to the performance of the image segmentation method [17].
(3) Target detection method based on optical flow method 
This method is mainly used in the field of moving target detection. The core idea of the optical flow method is to provide a corresponding velocity vector for each pixel point in the image to be detected, thus obtaining a vector velocity field for the measured image. The pixel points on the image correspond to points on a three-dimensional object at a specific time of motion, then the velocity vector characteristics of the pixel points can be used to analyse the motion characteristics of their image. In images without moving objects, the velocity vectors of their pixel points change smoothly and continuously. When a moving object appears in the acquired image, the velocity vector formed by the moving object must differ from the velocity vector of the neighbouring background, according to which the position of the moving object can be detected [18].
(4) Target detection methods based on the frame difference method 
The frame difference method has the same detection target as the optical flow method and is often used in the field of moving target detection. Due to the continuous nature of the images captured by the image acquisition device, there is a smooth and insignificant change between consecutive frames because there is no moving target in the image, as opposed to the more obvious change between consecutive frames if there is a moving target in the image. The frame difference method is based on this feature, as the relative position of the moving target in each frame of the video image is different, the detection of the moving target is achieved by acquiring two to four consecutive frames in real time and subtracting the pixel points corresponding to the different frames after the difference operation, based on the feature that the absolute value of the grey scale difference of the moving target exceeds a set threshold. This method has the advantage of not being easily affected by lighting, but also has the disadvantage of not being able to recognise scenes that are suddenly stationary after movement [19-21].
(5) Based on traditional machine learning methods
Machine learning can be used for classification, detection and tracking of targets by learning a large number of positive and negative samples to obtain a classification model for the samples, which can achieve accurate judgement of unknown samples. The general process of target detection in this method is to manually extract the main features of the target to be detected and collect a large number of positive and negative samples of the target, and obtain the classifier of the target to be detected through machine learning and training, in the process of detection, the target candidate area needs to be determined first, and the features extracted in the candidate area will be classified and discriminated by the classifier to determine whether it is the correct target. The shortcomings of traditional machine learning-based target detection techniques are that they require a large number of samples for training and require the selection of appropriate feature extraction methods and classifiers [22]. Although traditional feature extraction methods have a certain degree of stability and adaptability, they are not targeted for the classification of specific images and specific targets, and because it is difficult to manually select target features, the process of feature extraction The problem of losing useful information may occur in the process of feature extraction, so the method is not very effective in targeting large and complex detection task scenarios [23].
Compared to traditional target detection techniques, target detection techniques based on deep learning methods do not require manual operations in terms of extracting features from target images and can directly learn, classify and detect feature descriptions of the pixel points of the image of the target to be detected. Along with the rapid progress of technology and the rapid development of deep learning algorithms, the main techniques currently adopted in the application field of target detection are combined with deep learning. The more frequent deep learning-based target detection algorithms in research and applications at this stage are divided into 2 categories:
(1) Candidate region + deep learning classification: 
input image of the detection target, firstly the candidate region obtained by the SS method is adjusted to a specific size and then sent to the convolutional neural network to extract features, which can be based on the weighted score of the target species obtained after the features are put into the support vector machine for training, and the candidate region above the set threshold is removed by the non-maximal value suppression algorithm NMS, and finally the regressor is built Adjust the position of the candidate regions. For example:R-C NN, Fast R-CNN, Faster R-CNN, etc. 
The step-by-step improvement of the R-CNN, Fast R-CNN and Faster R-CNN algorithms has led to increasingly better target detection algorithms and a wider range of applications.
(2) Deep learning-based regression methods:
The regression-based first-order algorithm differs from the second-order algorithm in that it does not perform the eye-candidate region extraction operation, but uses the method of pre-selecting candidate regions and directly classifying the detection target before regressing on the border to improve the detection speed at the cost of reducing the detection accuracy, such as the YOLO series and the SSD algorithm. 
In 2015, Redmon [24] et al. creatively proposed the YOLO model based on the second-order algorithm, which regresses the position of the candidate region and classifies the target class directly at the output layer by combining the two phases of candidate region extraction and classification detection into one. yolo is very fast for target detection, but is not effective in detecting small objects with good accuracy [25].
YOLOv2, on the other hand, improves on SDD and Fast-RCN by using a new backbone network model, DarkNet-19, to reduce computational effort, increase detection speed, and use a joint training method on the classification task, combined with wordtree and other methods to expand the detection categories. This allows the YOLOv2 algorithm to achieve a detection speed of 67 f/s while guaranteeing an accuracy of 76.8%.
YOLOv3 is a further breakthrough from the authors of YOLOv2 by deepening the DarkNet-19 network structure using a residual model, with the final network structure having 53 convolutional layers; using the FPN architecture for multi-scale feature extraction, where finer-grained and more meaningful information is extracted from the feature map during upsampling, the YOLOv3 model is more efficient than YOLOv2, the SSD detection speed is more rapid. 
Since then, the original authors of YOLOv3 announced their retirement from the CV field for personal reasons, and in April 2020, the authors of YOLOv4 added SPP and PANet to CSPNet based on YOLOv3, achieving further improvements in detection speed and detection accuracy [26].
Two months after the release of YOLOv4, the author has made the source code of YOLOv5 available on GitHub, which not only improves the accuracy of the detection but also speeds up the detection.
Based on the algorithm data collected, we found that each algorithm has different advantages and disadvantages and is applicable to different fields. At present, the target detection technology is more mature, but the shovel tooth shedding monitoring technology is slow to develop, according to its actual field working conditions, the application of YOLOv5 target detection model in the field of shovel tooth shedding monitoring has high engineering value.

[bookmark: _Toc133324825]Chapter3-Research methodology
[bookmark: _Toc133324826]3.1 Introduction
Research methodology is a critical component of any research project, as it provides a framework for collecting and analyzing data, and for drawing Properly conducted research methodology is essential for producing valid, reliable, and In this research proposal, the authors will explain in detail how to complete the project, based on the research onion model[27].
[bookmark: _Toc133324827]3.2 Research Philosophy
The research philosophy[28] is the starting point of any project, as it defines the way in which the research question is approached and the methods of data collection and analysis. In this research proposal, the research philosophy is positivist. Positivism is a philosophy of science that emphasises the use of the scientific method to gather empirical evidence and draw objective conclusions. Positivists believe that knowledge can only be gained through observation and measurement, and that the scientific method is the most reliable way to produce knowledge. This philosophy is well suited to the subject of surveillance systems research, as it enables the collection and analysis of objective data on the effectiveness of such systems in terms of actual mine safety.
[bookmark: _Toc133324828]3.3 Research Approach
Research methods are the general strategies employed by researchers to answer research questions[29]. For the purpose of this proposal, quantitative research methods will be used.
Quantitative research involves the collection and analysis of numerical data, which is usually collected through surveys, questionnaires, experiments or secondary data sources. This approach is well suited to the research topic of monitoring systems because it allows for the collection of objective data on shovel safety incidents with and without a tooth loss monitoring system, and the data can be analysed using statistical techniques to determine whether shovel safety is improved with a tooth loss monitoring system compared to shovels without a monitoring system[30].
[bookmark: _Toc133324829]3.4 Research Design
The research design outlines the specific methods that will be used to answer the research questions. In this proposal, a pre-post design will be used.
The pre-post design involves the collection of data before and after the installation of a detection system for electric shovels. This design allows for a comparison of the number of shovel safety incidents before and after the installation of the system. In this study, data will be collected for one year before and one year after the installation of a shovel tooth detachment detection system on one of the shovels selected for the study. However, due to the uncertainty of shovel dislodgement in actual production, it is possible to simulate a shovel dislodgement safety incident by randomly removing shovel teeth during shovel maintenance in order to collect the necessary data.
The selected shovel will be paired with another shovel of similar size and characteristics that is not fitted with a detection system. This will allow comparison of the safety differences between the two types of shovels. The ex-post design is ideally suited to the study topic as it allows for the determination of whether the installation of the detection system has a positive impact on the safety of the shovel.
[bookmark: _Toc133324830]3.5 Data Collection
Data collection is an important part of any research project as it allows researchers to gather evidence to support the research question. In this proposal, two types of data will be collected: a collection of images that make up the image recognition model and the number of shovel safety incidents before and after the installation of the detection system.
The set of images that make up the image recognition model will be collected by taking pictures of the shovel bucket with a camera installed in the field. The shovel safety incidents will be collected by using the laboratory's in-mine records. This will enable the researchers to determine the need for a tooth detachment detection system for shovel safety and whether it will improve the safety of the shovel.
In addition, data will be collected through a review of the academic literature relating to shovel tooth dislodgement. The literature review will provide background information on the subject and enable the researcher to identify any gaps in existing research. The literature review will also provide information on the factors affecting the effectiveness of the detection system, which will inform the data analysis.
The data collected through the review will be analysed using statistical techniques (e.g. descriptive and inferential statistics). Descriptive statistics will be used to summarise the data and inferential statistics will be used to test hypotheses and determine if there is a significant difference in the safety of electric shovels with and without detection systems.

[bookmark: _Toc133324831]Chapter4-Design
[bookmark: _Toc133324832]4.1 Software Design
The software plan of the shovel tooth intelligent monitoring system studied in this paper is planned to be completed in C++. By using the target detection algorithm YOLO v5 to detect the number of shovel teeth of the electric shovel, and by comparing the detection results with the normal number of electric shovel teeth, determine whether they have been dislodged or broken.
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Figure3 Software function structure

In this paper, the software plan for the shovel tooth intelligent monitoring system will be implemented in C++, utilizing the YOLO v5 target detection algorithm to detect the number of shovel teeth on an electric shovel. By comparing the detection results with the normal number of electric shovel teeth, the system can determine whether the teeth have been dislodged or broken.
The software function of the shovel tooth monitoring system consists of three main parts, as shown in Figure 3. The first part is the image acquisition module, which collects images and sets the trigger device. The second part is the image processing module, responsible for image processing, detection, and logical judgement. The third part is the alarm module, which displays the results after shedding has occurred.
When running the shovel tooth monitoring system, the first step is to initialize and set up the system, configure the industrial camera according to the site working conditions, set up the control port parameters, image file, and path to save the image file. A large number of valid images are collected for pre-processing and model training before starting monitoring the bucket. When the computer receives the open bucket signal from the console, it controls the industrial camera to automatically capture and store the current image in the specified path.
The tooth detection module then reads the image from the stored path, and the target detection algorithm detects the number of teeth and determines whether the number of teeth of the bucket to be detected is in line with the normal number. After logical judgement, the result is displayed on the main page of the system, and the detected result is saved as backup information. If the number of teeth detected is the same as the actual number of electric bucket teeth, the bucket teeth are judged not to have fallen off, and the system waits for the next bucket opening signal to control the camera to collect pictures. If the number of teeth detected is less than the actual number, the bucket teeth are judged to be faulty, and the system controls the alarm device in the cab to issue an alarm.
Finally, the operator can choose the corresponding processing measures according to the output of the shovel tooth intelligent monitoring system, whose general flow is shown in Figure 4.
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Figure4 System flow
[bookmark: _Toc133324833]Chapter5-Expected outcomes
The primary goal of this research is to develop an efficient and accurate detection system to detect dislodged teeth in a mining electric shovel. To achieve this goal, we aim to use established target detection algorithms to train a highly accurate detection model that can provide precise results in detecting whether a shovel tooth has been dislodged in a target object. We will collect images of shovel teeth in the field under various environmental conditions to obtain a highly accurate detection model. Furthermore, we will research, improve and use existing detection algorithms to increase the detection speed and test and validate the system based on the actual electric shovel working environment.
We also aim to develop an automated inspection system that can perform inspections without human intervention. By studying the working principle of the electric shovel and the actions of the staff, we will bind the sensors to the actions of the staff and automate the inspection process. Specifically, we aim to achieve the photographing and inspection of the shovel teeth without any redundant human intervention and test and validate the automated capability of the system.
Overall, we anticipate that the results of this research will have a positive impact on the research and application field of shovel tooth shedding and contribute to the relevant industry. We hope that this study will also contribute to the continuous advancement and development of inspection technology.
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