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Abstract. Industries move toward the replacement of labours engaged in danger-

ous tasks with fully automated systems. The sixth sense technology aims at 

achieving that by integrating different technologies in such a way that enables 

monitoring of industrial plants and predicting any faults that could happen. One 

important module of the sixth sense technology is inspection robots. This paper 

aims at providing the inspection robots with equipment-detection capability, re-

sembling the human inspectors performing the customised inspection for a vari-

ety of equipment. The types of equipment, used in this study, are reactor, boiler, 

pump, isolated pipes, meter gauge, and valves. Given the complexity of the in-

dustrial environment, we propose a real-time deep-learning-based equipment de-

tection model. The results show that the mean average precision is above 90%, 

which ensure the significant performance of the proposed solution. This work 

validates the practicality of our equipment-detection model and shows its poten-

tial to be employed on our inspection robot.  
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1 Introduction  

Industry 4.0 is transforming industrial processes into complex, smart cyber-physical 

systems that require intelligent methods to support safer operations. Under these con-

ditions, it is extremely difficult to manage all available information, infer the desired 

conditions of the plant and take timely decisions to handle abnormal operations [1]. 

Thus, a technology that could help in preventing human error and stop chain reactions 

that can transform small incidents into catastrophic failure is required. The sixth sense, 

6S technology aims to achieve that need by analysing the present data and generating a 

vision of the future. 

Inspection is the practice of examining the condition of equipment to find out if it 

operates as intended. The implementation of routine inspection is an essential measure 

to ensure a safe and efficient production process. For the inspection tasks, checkpoints 

which mainly include key equipment, pipelines, key valves, gauges, and control points 

are defined for the inspector. A leak of gas or liquid is searched by sight and smell. 
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Valves and gauges are examined to understand the operating status of the equipment. 

For equipment such as pumps, human inspectors need to listen to the sound of their 

operation or use specific instruments to detect vibration anomalies.  

Although these tasks are repetitive and time-consuming, and some of these environ-

ments may be hazardous, humans are still relied on for doing these tasks. Long-time 

close exposure to such environment may cause diseases or even kill in anomalies such 

as toxic gas leaks and explosions which are not infrequent. Therefore, there is a strong 

motivation to replace manual inspectors with robots and free them up to perform more 

complex tasks. On the other hand, manual inspection or operation can be error-prone 

since human errors are key causes of accidents [2].  

Inspector robots can be considered the logical human replacement for doing these 

tasks. The current robots’ capabilities enable these tasks to be carried out efficiently. 

Examples of these capabilities are autonomous navigation, exploring dangerous or in-

accessible sites, a variety of sensors that can be equipped on the robot, quick analysis 

of sensors data, and relatively lower cost and less time for executing tasks. As the mod-

ern plants become larger and more complex, qualified professional’s capabilities are 

required more creative tasks than routine inspections. 

In inspecting any site human inspectors are familiar with the equipment and tools 

that are available on this site, in addition to, equipment history. The 6S framework 

could provide robots with the required information and history of available equipment. 

For the inspection tasks, robots need a very basic skill for human inspectors which is 

detection and identification of available equipment in the environment. The main con-

tribution of this paper can be described as follows: a deep-learning-based equipment-

detection method for inspection robots in industrial sites within the vision of industry 

4.0 and the 6S technology.  

The rest of this paper is structured as follows. Section 2 reviews the previous works 

in robotic inspection systems. Section 3 explains the 6S technology and the robot in-

spection strategy. Section 4 shows the deep-learning-based equipment-detection 

method development and evaluation. Section 5 presents conclusions and future works 

of this work.  

2 Robotic Inspection Literature 

In the last decade, there was a growing interest in employing robots for inspection tasks 

in process plants, due to the compatibility of robots for these tasks. The potential of 

applying robots for these tasks has been proven [3]. Some projects were funded in this 

direction such as RoboGasInspector [4], MAINBOT [5], and PETROBOT [6]. The 

main target for these projects was to develop robotic inspection systems for different 

industrial environments. In the recent past, Total company organized the ARGOS chal-

lenge of creating the first autonomous robot for oil and gas sites [7]. This competition 

was organized in three rounds. Through these rounds, the robot is required to work 

autonomously for surveillance tasks. During these rounds, the robot should inspect var-

ious visual checkpoints like pressure gauges and valves, and monitor the plant for ther-

mal hot spots, gas leaks and sound signals.  



3 

In [8], the authors developed an inspection system to inspect substation equipment. 

They used a four-wheel robot equipped with a magnetic sensor, RFID reader, pan-tilt 

camera, lidar sensor, Infrared thermal camera, and directional microphone. The robot 

follows magnetic markers as checkpoints for the inspection tasks. For this system, 

checkpoints are needed to be defined for the robot to execute the inspection tasks using 

the right sensors. We aim at advancing our inspector with a higher perception advantage 

which is the equipment identification. The importance of that has been demonstrated in 

[9]. As a result, the inspector robot will not need checkpoints to be defined. The human 

inspectors can identify equipment types and based on that decide inspection tasks for 

this type of equipment. For instance, upon detecting a boiler, the inspector ensures that 

there is no leakage and checks the upper valve state. If a pipe is detected, he checks the 

pipe visually, especially, the connections and uses the thermal camera to detect the 

temperature of this pipe. The 6S technology framework keeps track of the history of 

available equipment and will provide the inspector robots with such information to fa-

cilitate inspection tasks. Likewise, the inspector robot will send routine equipment in-

spection information to the main system, and if a new piece of equipment is detected.  

3 System overview 

3.1 The industrial 6S  

The 6S technology is an intelligent monitoring and control framework for industrial 

processes, which takes advantage of technological advances such as wireless sensor 

networks, 5G communication, cooperative control, intelligent decision-making frame-

work, and robotics to ensure stable process operation. The general framework of 6S 

technology is shown in Fig. 1. Six main modules constitute the structure of this frame-

work. These modules are the holistic system models and cooperative control, massive 

connectivity resilient network communication, machine learning fault detection and 

prediction, intelligent adaptive decision-making, virtual reality system, and autono-

mous inspector robots.  

The 6S architecture divides into physical and cyber layers. The physical layer where 

the industrial process itself, wireless sensors and actuators, physical controllers, and 

inspector robots are available. In the cyber layer, the wireless communication network, 

data and models centre, fault detection and prediction algorithms, and decision-making 

framework are located.  

The architecture is designed as a modular architecture. Within the 6S technology, 

the decision-making framework should make recommendations about the process state 

to the human operator. Also, it defines the tasks for the inspector robots, normal inspec-

tion tasks or other more specific tasks based on the current situation. The main task for 

the inspector robot is to patrol around the plant to detect abnormal situations (routine 

inspection) within the vision of 6S technology. The application of the proposed archi-

tecture is investigated on a pilot plant that is available at University of Surrey, United 

Kingdom. Photos of this pilot plant are shown in Fig. 2. These photos show the complex 

tanged environment where the robots work.  



4 

 

Fig. 1. The 6S technology framework  

  

Fig. 2. The pilot plant photos on the left and the inspector robot for industrial sites on the right.  

3.2 The Inspection Strategy  

Our inspector robot is a small four-wheel Pioneer 3-AT mobile robot equipped with 

an RGBD camera, 2D laser range finder, infrared camera, acoustic & gas sensors board 

as shown in (Fig.2). These sensors were selected based on their suitability for inspection 

tasks in this environment. The robot size is chosen to be suitable for the inspection 
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application in small and medium industrial processes, as the robot may need to maneu-

ver around equipment and pipes which are, usually, available in this environment.  

In the current state of periodic inspection tasks of industrial sites, the human inspec-

tors could perform these tasks with a degree of efficiency, but these tasks are repetitive, 

the environment itself could be hazardous, and in the end, errors still could happen. 

Therefore, the need for inspector robots became clear. The current robots’ systems able 

to fill human inspector duties efficiently.  

In inspecting any site, human inspectors are familiar with the equipment and tools 

available on this site in addition to the history behind each piece of equipment. The 6S 

framework could do this role and provide the robots with information and history about 

available equipment. One skill still the robots need to be equipped with to be able to do 

inspection tasks is the identification of the available equipment in the environment.  

As a general system is targeted, solely defining the equipment positions is not suffi-

cient for the robot to do the inspection tasks. Also, these sites are, usually, dynamic 

environments and a lot of equipment could be added or removed from the site. Thus, 

the inspector robots need to be equipped with this capability to execute these tasks ef-

ficiently. Moreover, the inspector robots may need to interact and integrate with other 

human inspectors if they are available. Consequently, they need to have the same phi-

losophy of doing the inspection tasks which make the interaction much easier.   

For our inspection strategy hierarchy, the first task is the detection of equipment 

type. Six types of equipment are investigated in this study and these pieces of equip-

ment are available in our pilot plant environment where our robot will be tested. Based 

on the equipment type, the robot decides the required inspection task list to be carried 

out. Each type of equipment requires different sensors to be used and different inspec-

tion checklists to be executed. These types of equipment are reactor, boiler, pump, iso-

lated pipes, meter gauge, and valves.  

Table 1 summarizes the inspection checklist for each equipment type. Inspired by 

the human inspector, the robot will begin any inspection task by collecting information 

history of this piece of equipment from the 6S main system. The 6S framework supplies 

the robot with information about the equipment previous status, maintenance history, 

and normal working condition. This information will differ from one to another and 

will support the robots in proceeding with their tasks and detecting anomalous condi-

tions. Later, the robots will forward their inspection data to the main 6S framework for 

records.    

4 Equipment Detection  

4.1 Development  

For an equipment-detection based robotic inspection system, a real-time solution is 

needed to fulfil task necessity. The object detection process includes the classification 

and localization of objects in the image. Single-shot object detectors which take one 

shot to detect objects that are presented in the image are considered appropriate in the 

context. These algorithms are fast and high-accurate object detection algorithms. From 

these algorithms, we selected the You Only Look Once, YOLO algorithm [10].  
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Table 1. Equipment Inspection checklist. 

Equipment Checklist 

Reactor - Get history information from the 6S main system 

- Check the pipes and the pump that are usually attached  

- Check the body with the IR camera  
Boiler - Get history information from the 6S main system 

- Check the pipes and the valve that are usually attached  

- Check the body with the IR camera  

Isolated Pipe - Get history information from the 6S main system 

- Check the pipe with IR camera especially the connections 

Pump - Get history information from the 6S main system 

- Check the body with the IR camera 

- Check the sound with the acoustic sensor  

Meter Gauge - Get history information from the 6S main system 

- Read the gauge measurement value  

Valve - Get history information from the 6S main system 

- Detect the valve state (Open or Closed) 

 

YOLO is considered the state of art object detection, single-shot algorithm. It is a 

real-time object detection that is developed for object detection of camera images. It 

consists of a single convolutional network that simultaneously predicts multiple objects 

with class probabilities for those objects. YOLO trains on full images and, directly op-

timises detection performance. The YOLO algorithm detects, classifies, and identifies 

objects in the image frame and draw a rectangular bounding box around it. Through 

this work, the darknet YOLO v3 framework has been used. The darknet is an open-

source neural network framework written in C and CUDA [11].  

The development work was conducted in three stages, dataset collection, training, 

and validation. The dataset collection has two purposes: a collection and annotation of 

the equipment image dataset at University of Surrey pilot plant. After human visual 

inspection of images and confirmation of their correctness and quality, these images 

were annotated manually. The dataset was split into training and validation datasets. 

The whole dataset was 1267 images, the training dataset was 80% of the original da-

taset, and the validation dataset was the remaining 20%. Visual inspection of the result-

ing datasets reveals multiple challenges associated such as blurring, scale variation, 

occlusion, and background clutter.  

To accelerate the training process, we used partial pre-trained weights as the initial 

training model [12]. The training process was carried out using GPU (GeForce GTX 

1050) and Intel Core i7 2.8 GHz CPU. During the training process, loss function was 

monitored all the time. YOLO uses the sum-squared error between predictions and 

ground truth to calculate the loss value. The loss function composes of classification 

loss, localization loss (errors between predicted boundary box and ground truth), and 

confidence loss. The final loss value is the sum of these values.  

The validation process takes place, using the validation dataset, periodically during 

the training process. The trained model should achieve an appropriate accuracy for the 

intended task, and so the PASCAL VOC evaluation metrics are used, to evaluate the 

classification and localization performance of the equipment detection model [13]. The 

first of these metrics is detection precision, which is calculated as the ratio between the 
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number of positive samples correctly classified to the total number of samples classified 

as positive (either correctly or incorrectly). The precision measures the model's accu-

racy in classifying a sample as positive. Second, the detection recall, which is calculated 

as the ratio between the number of positive samples correctly classified as positive to 

the total number of positive samples. The recall measures the model's ability to detect 

positive samples. Third, the intersection-over-union (IoU), which represents the inter-

section over the union of objects and detections for a certain detection confidence 

threshold.  

 Average precision (AP) is another popular evaluation metric in measuring the 

accuracy of object detectors. AP can be defined as the average of maximum precision 

at different recalls. Mean average precision (mAP), which is used to evaluate the vali-

dation process, is defined as the average of APs over all classes. Another evaluation 

metric that is investigated in this work F1score. The F1score is another measure of model 

accuracy, it considers both precision and recall of the model to compute the score. It 

represents the harmonic mean of the precision and recall, where an F1score reaches its 

best value at 1 (perfect precision and recall) and worst at 0.  

 

 𝐹1𝑠𝑐𝑜𝑟𝑒 =
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗  𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙)
                       (1) 

4.2 Evaluation  

To validate and monitor detector performance, mAP was periodically calculated using 

the validation dataset during the training process. This helps ensure that the detector 

maintains global performance during training without overfitting or underfitting prob-

lems. Overfitting is where a model learns the training dataset too well, performing well 

on the training dataset but does not perform well on a holdout sample. On the opposite, 

underfitting is where a model fails to sufficiently learn the problem and performs poorly 

even on a training dataset. 

The threshold of object bounding boxes confidence is an important parameter to tune 

for better object detection. The confidence threshold is defined as IoU between the pre-

dicted box and the ground truth. a confidence threshold of 50% means that we will 

accept proposals that believe their bounding boxes have more than 50% overlap with a 

real object. The increased confidence threshold leads to fewer bounding box proposals 

for each image. The decrease in the confidence threshold results in more bounding 

boxes.  

Figure 3 shows the training loss value and validation mAP percentage over 12000 

iterations. The validation mAP was computed over periods of training iterations. The 

minimal variation in loss during training as well as steady convergence to a small num-

ber (0.0875) shows that the optimiser was able to find the global minimum of the loss 

function. The validation of this model shows accurate detection with (91.6%) mAP. 

Also, from Fig. 3, we can observe that the use of a partial pre-trained initial model 

helped the neural network to converge very quickly.  
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Fig. 3. The training loss and validation mAP of the equipment detection model. 

Table 2 summarizes the evaluation details for each class and the whole model in 

general. The general model evaluations have been done on Confidence = 0.50. The 

evaluation results show 0.96 precision which shows the recognisable consistency of our 

model. The 0.86 recall result shows that our model can mostly return the relevant re-

sults. The F1score combines the precision and recall of the model. The result F1score 

= 0.91 reflects the robustness of the detector overall performance. The predicted bound-

ing boxes overlapping with the ground truth is shown with IoU = 78.09%, which means 

that that the predicted and ground truth bounding boxes almost overlap. The evaluation 

metrics show the accuracy of our model for detecting equipment in the industrial envi-

ronment.  

Table 2. Equipment detection evaluations. 

Equipment AP True Positive False Positive 

Reactor 81.08% 27 3 

Boiler 93.48% 62 3 

Isolated Pipe 86.35% 170 11 

Pump 99.43% 119 2 

Meter Gauge 99.74% 121 2 

Valve 89.53% 230 8 

General Model Evaluation (Confidence = 0.50) 

Precision = 0.96 Recall = 0.86 F1score = 0.91 IoU = 78.09% 
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The resulting evaluation of the model shows a promising accuracy in detecting dif-

ferent types of equipment in this difficult environment. The relatively low performance 

in the reactor and isolated pipes cases is due to the following reasons. The reactor case 

had the least amount of training data, so it needs more training data under various con-

ditions. On the other side, although the case of the isolated pipes has the second-highest 

training data, it represents a very complex model to be learned as the isolated pipes can 

have different sizes and shapes. Also, various other objects, which are usually available 

in the industrial environment, could easily be misclassified as isolated pipes.  

Fig. 4. Shows the model qualitative results. These results show the accuracy and 

generalization of our model. Despite the equipment having different sizes, scales, and 

tangled together, our model could correctly detect the equipment available in the input 

images. We have tested the model for real-time equipment detection operation at the 

pilot plant. The recorded video shows the equipment detection capability of the model, 

and it could achieve more than 10 frames per second. Videos of the Industrial Robotic 

Inspector and the real-time equipment detection model testing is available1. 

5 Conclusions  

A deep-learning-based solution for real-time equipment-detection-based inspection ro-

botic system has been proposed for industrial plants within the vision of industry 4.0. 

The robotic inspection module is part of the sixth sense technology framework, which 

aims at monitoring the industrial plants to ensure their safety.  

The development phase of the proposed solution has involved dataset collection and 

annotation and then training, validation, and testing of the model. This study has pro-

posed an equipment-detection model based on the Darknet YOLO framework. The 

model has been carefully developed to consider the accuracy and real-time operational 

requirements. The trained model has evaluated, and its capabilities have been shown. 

The quantitative and qualitative results of the model evaluation have shown the accu-

racy of the equipment-detection model.  

In the future, more types of equipment will be incorporated into our model using 

transfer learning techniques. Also, the sub-inspection tasks include valve state detection 

(video of visual valve state detection is available2), meter gauge reading, acoustic sens-

ing, gas sensing, and thermal sensing are going to be accomplished subsequently. Even-

tually, we can test our inspection robot for undertaking the routine inspection at our 

pilot plant.  

 

 
1  https://www.youtube.com/watch?v=-w1_LDqRJfk 

     https://www.youtube.com/watch?v=UDelE65qZzs 

 
2  https://www.youtube.com/watch?v=9URzc8RUnyo 

https://www.youtube.com/watch?v=UDelE65qZzs
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Fig. 4. Qualitative results of the equipment detection for robotic industrial inspection  
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