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Abstract: Quality control is a critical component in industrial manufacturing, directly influencing efficiency,
product reliability, and ultimately, customer satisfaction. In the dynamic environment of industrial
manufacturing, traditional methods of inspection may not adequately meet the evolving complexity,
necessitating innovative approaches to bolster precision and productivity. In this study, we explore the
application of mixed reality (MR) technology for real-time quality control in the assembly process. Our
methodology involved the integration of smart glasses with a server-based image recognition system, designed
to conduct real-time component analysis. The innovative aspect of our study lies in the harmonization of MR
and computer vision algorithms, providing immediate visual feedback to inspectors and thereby improving
the speed and accuracy of defect detection. YOLOvV8 have been adopted in this study for detection object model.
The project implementation occurred in a controlled environment to enable a comprehensive evaluation of the
system functionality, the identification of possible problems and improvements in the system performance.
The results indicated the viability of mixed reality as a powerful tool for enhancing traditional inspection
processes. The fusion of MR and computer vision offers possibilities for future advancements in industrial
quality control, paving the way for more efficient and reliable manufacturing ecosystems.

Keywords: mixed reality; object detection; OpenCV; YOLOVS; computer vision; quality inspection;
smart manufacturing

1. Introduction

Quality control (QC) is the bedrock of industrial manufacturing and is intrinsically tied to
operational efficiency, product reliability, and overall customer satisfaction [1-3]. In the industry, the
criticality of QC is amplified due to the inherent complexity of manufacturing processes, the diversity
of parts and components, and the high-stakes safety implications of the final product [4]. As such,
the ability to perform quality inspections rapidly and accurately can significantly affect an
organization’s bottom line and influence the larger industry’s trajectory.

Defects, especially those detected late in the manufacturing process or after the product’s release,
can lead to high costs, including reworking, recalls, or even reputational damage to the manufacturer
[1]. Consequently, thorough inspections during various stages of production can significantly reduce
these costs, maximizing productivity and profitability. Moreover, a robust quality control system
fosters customer confidence in the brand, driving increased sales and maintaining a competitive edge
in the market [5,6].

Traditionally, quality inspections in industry have been manual processes, relying heavily on
the experience and judgment of human inspectors [7,8]. However, the increasingly intricate nature of
modern products, combined with the growing demand for efficiency and productivity, has pushed
these traditional inspection methods to their limits. Manual inspections can be time-consuming,
prone to errors, and may struggle to detect subtle or complex defects [9]. Furthermore, the potential
for inconsistency among inspectors poses a significant challenge to maintaining uniform quality
standards [10,11].

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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In the quest for greater efficiency and precision, industries worldwide are turning to technology.
In particular, Mixed Reality (MR), characterized by the enhancement of the real world with digital
information, has emerged as a promising solution to these QC challenges. MR allows for real-time,
interactive overlays of data in the user’s field of view, potentially revolutionizing inspection
processes [12].

MR, when integrated into quality control processes, offers a range of advantages. First, it
increases efficiency [13-16]. By overlaying digital information directly onto real-world components,
MR allows inspectors to rapidly identify and assess parts without the need for time-consuming
manual checks against plans or specifications. This can significantly speed up the inspection process,
allowing for quicker detection of defects and faster correction of production issues.

Also, MR improves accuracy [16]. By leveraging sophisticated imaging and recognition
technology, MR can detect defects that may be missed by the human eye. It can also ensure
consistency in inspections by applying the same precise standards to every part, every time,
eliminating the variability that can occur with human inspections.

The MR technology also opens the possibility of real-time tracking of inspection cycles and
individual tasks. This additional feature can provide valuable insights into the efficiency of the
manufacturing process, enabling managers to identify bottlenecks and improve workflow designs
[17,18].

Understanding cycle times and individual task times is paramount in industrial environments
like automotive manufacturing. The time an operator spends on a task or the cycle time of a specific
process can provide deep insights into the operational efficiency and productivity of the
manufacturing process [16,19]. Moreover, this information, when systematically captured and
analyzed, can reveal patterns, inconsistencies, and bottlenecks that might otherwise go unnoticed.

However, despite the potential benefits, the integration of MR into industrial quality control
processes is still in its early stages, with many questions remaining about its practical feasibility and
effectiveness. Motivated by the pressing need for more efficient and reliable quality control methods
and inspired by the potential of MR to transform industrial inspections, this study embarked on an
exploratory journey to investigate how MR can be effectively used in industry QC.

The primary objective of this study is to develop an MR-based quality control system using
smart glasses, integrated with a server-based image recognition system, and to evaluate this system'’s
effectiveness in a controlled environment.

This study also intends to evaluate the performance and viability of this system under real world
conditions. The objective was to identify possible problems, possibilities for improvements and verify
the feasibility of implementing this MR system on a larger operational scale in the manufacturing
industry.

In doing so, it is intended to provide a practical roadmap for the adoption of MR in industrial
quality control and to contribute to the understanding and advancement of this technology.

The remainder of this paper is organized as follows. The next section provides an overview of
object detection. Section 3 details the proposed methodology. Section 4 presents the pilot test carried
out in a controlled environment where the intention is to evaluate the performance of the system,
identify possible problems and evaluate its scalability.

Section 5 concludes the paper by summarizing the essential findings and highlighting the
significance of the proposed methodology in improving quality control system.

2. Object Detection

In the realm of quality control processes enhanced by mixed reality, object detection assumes a
fundamental and pivotal role. Object detection serves as the cornerstone of this convergence,
seamlessly integrating real-world and digital environments to facilitate meticulous quality
assessment and assurance.

Mixed reality, which blends elements of both physical reality and virtual environments,
demands a robust mechanism to identify, localize, and analyze objects within the merged context.
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Object detection technologies, often harnessed through advanced computer vision techniques, enable
the system to precisely discern and categorize relevant objects of interest.

The efficacy of quality control processes hinges on accurate and timely identification of specific
items, defects, or anomalies. Object detection, operating at the heart of the framework, empowers the
system to perform these functions with precision. By seamlessly detecting objects in real-time and
overlaying relevant digital information, such as annotations or diagnostic insights, the quality control
process achieves an elevated level of comprehensiveness and accuracy.

Over the years, the development of object detection algorithms has undergone significant
evolution, driven by advancements in deep learning and the need for more accurate and efficient
solutions. One of the pivotal distinctions in this evolution lies in the categorization of algorithms into
two-stage and one-stage approaches [20,21].

2.1. Two-Stage Object Detection Algorithms

The inception of two-stage object detection algorithms marked a transformative shift in the field.
This paradigm introduced a clear separation between region proposal and object classification stages,
addressing the challenges posed by computational inefficiency in previous methods [22]. The R-CNN
(Region-based Convolutional Neural Network) family of algorithms, including R-CNN, Fast R-CNN,
and Faster R-CNN, played a pivotal role in establishing this approach.

R-CNN, introduced by Girshick et al. in 2014 [23], presented a novel strategy by proposing
regions of interest (Rols) using selective search and then classifying objects within these regions using
a convolutional neural network (CNN). This method demonstrated promising results in terms of
accuracy but suffered from slow processing speeds due to the sequential nature of region proposal
and classification. The subsequent refinement, Fast R-CNN, merged the region proposal and feature
extraction stages, sharing computation across different regions and leading to improved efficiency
[24].

The pinnacle of the two-stage approach was reached with the introduction of Faster R-CNN by
Ren et al. in 2015 [25]. This approach integrated the region proposal process into the network
architecture itself using a Region Proposal Network (RPN), enabling end-to-end training. Faster R-
CNN achieved remarkable accuracy while significantly reducing processing time, making it a
cornerstone in the field of object detection [26,27].

2.2. One-Stage Object Detection Algorithms

While two-stage algorithms were achieving remarkable accuracy, the computational overhead
associated with region proposal hindered their real-time applicability. This limitation spurred the
development of one-stage object detection algorithms, which aimed to address this issue by
performing object classification and localization in a single pass.

The YOLO (You Only Look Once) family of algorithms and the SSD (Single Shot MultiBox
Detector) algorithm exemplify the one-stage approach. YOLO, introduced by Redmon et al. in 2016
[28], divided the input image into a grid and predicted bounding boxes and class probabilities
directly from grid cells. This design drastically reduced computation time, making real-time object
detection feasible [29,30]. YOLO demonstrated competitive accuracy, but its weak point was the
challenge of detecting small objects accurately due to the inherent nature of its grid-based
architecture.

On the other hand, SSD, introduced by Liu et al. in 2016 [31], adopted a different strategy. It
utilized a set of predefined default bounding boxes with varying aspect ratios and sizes, predicting
object classes and offsets for these boxes. This design allowed SSD to effectively address the challenge
of detecting objects at different scales and improved its accuracy in small object detection. However,
SSD still struggled to match the accuracy of two-stage approaches for larger and more complex
scenes.
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2.3. Evolutionary Trends

The evolution of object detection algorithms has been a dynamic interplay between the two-
stage and one-stage approaches, each catering to specific requirements and challenges. While two-
stage algorithms excelled in accuracy but often sacrificed speed, one-stage algorithms offered real-
time capabilities at the expense of accuracy, especially for small objects and complex scenes [32,33].

Recent advancements have further refined these paradigms. The YOLO series, culminating in
YOLOVS in 2023, showcased significant improvements in accuracy and speed, making them
increasingly competitive with two-stage approaches [34-36].

Figure 1 presents a concise timeline of the historical dates corresponding to various versions of
the YOLO algorithm. The visual representation highlights the progression of YOLO from its
inception to the latest versions, including YOLOvS.

YOLOV6
YOLOV1 YOLOV3 YOLOv?
2016 m 2018 2020 Years
YOLOv2 YOLOV4 YOLOV8

YOLOv5

Figure 1. YOLO timeline.

In the historical evolution of the YOLO algorithm, certain versions have stood out due to their
increased protagonism and importance in shaping the landscape of object detection. Notably,
YOLOV1, YOLOv3, and YOLOvV4 have garnered significant attention and impact within the computer
vision community.

The inaugural version of YOLO introduced the concept of one-stage object detection,
revolutionizing the field. Its pioneering design, which predicted bounding boxes and class
probabilities directly in a single pass, laid the foundation for subsequent iterations. Despite its relative
simplicity, YOLOv1 showcased the potential of real-time object detection, setting the stage for further
advancements.

YOLOV3 marked a substantial leap in terms of accuracy and versatility. With the introduction
of a feature pyramid network and multiple detection scales, YOLOv3 improved detection
performance across various object sizes. This version’s increased accuracy and the ability to handle
small and large objects alike further solidified YOLO's reputation as a powerful object detection
algorithm [37].

YOLOV4 represented a significant milestone by substantially improving both accuracy and
speed. The architecture was optimized with advanced techniques. This version achieved state-of-the-
art performance by enhancing feature extraction, introducing novel training strategies, and
incorporating efficient design choices. YOLOV4’s holistic approach to accuracy and speed propelled
it to the forefront of object detection algorithms [38,39].

While this version may not be as widely recognized as its predecessors, YOLOvS8 has gained
prominence due to its reported advancements in accuracy. With the promise of achieving the highest
accuracy in the YOLO series, YOLOVS signifies ongoing efforts to refine the algorithm. This version
demonstrates the continued commitment to enhancing object detection performance, particularly in
scenarios involving small objects and complex scenes [36].

The YOLOVS version presents distinct advantages over other solutions in the field of object
detection. Its advanced feature extraction capabilities coupled with heightened accuracy ensure
precise identification of objects in various scenarios. This version’s holistic approach to accuracy and
speed positions it as a standout choice for applications requiring both precision and efficiency in
object detection [40—42].
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3. Methodology

The development of a robust MR-based quality control system for the industrial manufacturing
necessitates a meticulously crafted architectural design. This architecture fundamentally revolves
around integrating smart glasses device, a cutting-edge MR headset, with a server-based image
recognition system.

The architecture can be conceptually divided into two main segments. Client-side MR system
and server-side image recognition system.

The client-side MR system, which the quality inspector interacts with, employs the smart glasses
device. This MR headset captures the video stream of the real-world environment, primarily
components inspected for quality control, and streams it to the server.

The device is equipped with depth sensors and multiple cameras that capture a rich, three-
dimensional view of the world. This information is crucial in correctly overlaying the augmented
reality elements on the real-world view.

The device runs a custom-built application developed using, for example, Unity or Unreal or
other compatible software [43,44], a powerful development platform, combined with the Mixed
Reality Toolkit (MRTK) [45,46], a collection of scripts and components designed to accelerate the
development of mixed reality applications.

The server-side system is responsible for analyzing the incoming video stream, identifying
objects, and detecting defects. The server runs a machine learning model and utilizes the framework
for real-time video processing and computer vision tasks.

This architecture, combining an MR headset with a powerful server-based image recognition
system, enables a robust and efficient MR-based quality control system that outperforms traditional
manual inspection in terms of speed and accuracy.

The proposed framework architecture for the server-side image recognition system operates on
a two-stage basis: training the model and real-time processing. These stages are fundamental to the
successful implementation of an MR-based quality control system.

3.1. Model Training

In the first stage, the proposed process for model training, is presented in Figure 2.

L] Image Model Model Model
Preprocessing annotation Selection Training Evaluation

Figure 2. Proposed framework for model training.

The proposed process for training a custom image dataset is based on five main steps.

The first step is data collection and preprocessing.

In the context of quality control in the industrial manufacturing and in particular in the
automotive industry, there is a need to create a custom image dataset sourced directly from real-
world field environments.

The intricacy and specificity of tasks inherent to this industry demand a dataset that faithfully
replicates the complex conditions and nuances encountered during actual operations. By harnessing
images captured from real field settings, the dataset becomes a potent tool for training models that
can accurately and effectively detect defects, anomalies, and quality deviations. This approach not
only aligns with the industry’s unique challenges but also ensures that the models developed are
finely attuned to the intricacies of automotive quality control, resulting in robust, reliable, and
industry-relevant solutions.

For each product and component that need to be inspected, images should ideally capture a
variety of both faulty and non-faulty examples.

Images should be collected under various lighting conditions and angles and should feature a
wide array of parts and defect types.
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Preprocessing the images involves resizing, normalizing, and augmenting the data to enhance
the model’s ability to generalize and perform well on real-world data. By applying various
transformations to the images, such as rotation, scaling, and cropping, the augmented data set is
created to simulate different possible scenarios the model may encounter during real-time
processing.

Following data collection is the equally critical step of image annotation. Here, each image in the
dataset is meticulously reviewed, and the relevant objects are marked or labeled with pertinent
details about the type of part and the nature of the defect, if any. The annotation process is often a
manual and time-consuming endeavor, yet it is paramount for creating a reliable training dataset.
This annotation gives the model the ground truth data points to learn from.

With the dataset prepared, it’s time to select the appropriate models for the tasks.

For part identification, a convolutional neural network (CNN) is suitable due to its ability to
learn spatial hierarchies of features in images. In the case of object detection, the framework leverages
YOLO, a state-of-the-art object detection model known for its accuracy and speed in detecting and
localizing multiple objects in a single pass, as indicated in the previous section.

YOLO ushered in a new era of object detection methodologies, veering away from traditional
two-step processes that involved identifying regions of interest and subsequently classifying them.

By tackling images in one go, YOLO achieves real-time object detection speeds, making it an
ideal candidate for applications that require immediate results such as industrial inspections. This
efficiency, however, does not compromise its ability to provide accurate object detection. In fact,
YOLO's holistic view of an image allows it to contextualize information about classes and their
appearance, contributing to its precise object detection capabilities. Furthermore, its architecture and
training processes enable it to generalize effectively, enhancing its performance in a broad range of
scenarios and environments.

The next step is model training. Training the selected models is an iterative and multi-step
process. The dataset is split into training and validation sets, ensuring that the models learn from
diverse examples and can be validated on unseen data. Hyperparameters are fine-tuned, and various
optimization algorithms are tested to achieve high accuracy and robust performance.

After training, the models are evaluated on a separate test set, and any necessary refinements
are made based on the evaluation results.

Once the models are trained, evaluated, and refined, they are deployed to the server, ready for
the second stage, real-time processing.

3.2. Real-Time Processing

This stage involves analyzing and processing the video stream captured by the smart glasses
device worn by the quality inspector. By using OpenCV, YOLO and other machine learning models,
the server-side system can identify components parts, detect defects, and generate augmented reality
data to provide real-time feedback to the inspector.

OpenCV, an open-source computer vision and machine learning software library, was chosen
for this proposed methodology due to its wide array of functionalities, high performance, and
robustness [47—49]. It is particularly well-suited for real-time image and video processing tasks,
making it ideal for parsing and analyzing the incoming video stream. OpenCV has an extensive
collection of algorithms for image processing, feature extraction, and image manipulation, which are
invaluable for enhancing the visibility of defects and improving the accuracy of defect detection.

The real-time processing stage starts when the server receives the video stream from the client-
side MR system. Using OpenCV, the continuous video stream is parsed into individual frames,
enabling frame-by-frame analysis. Once the frames are extracted, the previously trained part
identification model scans them to recognize the different components parts present. Subsequently,
the YOLO-based object detection model, known for its accuracy and speed, is employed to localize
objects of interest within the frames. The identified parts then undergo inspection by the defect
detection model to determine the presence and type of defects.
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One of the key challenges in defect detection is the variability in defect appearances, which may
be due to lighting conditions, angles, or other environmental factors. OpenCV plays a significant role
in addressing this challenge. It offers image enhancement techniques such as histogram equalization,
edge detection, and contrast adjustment, which can make subtle defects more visible and easier to
detect. By incorporating OpenCV, the system can reveal defects that might otherwise be missed by
the human eye, contributing to more accurate and reliable defect detection.

The analysis of each frame culminates in the creation of augmented reality data, which is a
synthesis of insights from part identification and defect detection. This MR data includes information
about the part type, defect location, severity, and recommended corrective action. OpenCV is used
to create visually compelling MR overlays that are superimposed onto the original frames. These
overlays highlight the defective areas, provide annotations detailing the defects, and offer visual cues
to guide the inspector in addressing the issues.

The enriched frames with MR overlays are transmitted back to the client-side MR system, where
they are presented to the quality inspector in real time. It is vital that this transmission occurs swiftly
to minimize latency and ensure a seamless MR experience for the inspector. The inspector can then
take immediate action based on the insights provided by the MR overlay.

The real-time processing stage is an iterative process that incorporates feedback from quality
inspectors to continuously improve the system. This feedback is invaluable for refining the models
and ensuring that the system remains responsive to real-world challenges and evolving defect
patterns.

4. Case Study

This case study explores the practical application and testing of a mixed reality-based quality
control system for the assembly of a pneumatic cylinder. The prototype was developed and tested in
a controlled laboratory setting to evaluate its effectiveness in providing real-time feedback on
assembly quality.

The prototype setup is presented in Figure 3.

Figure 3. Prototype setup.

The prototype setup for this case study involved the assembly of a pneumatic cylinder in a
laboratory environment. The primary tool for the implementation of the mixed reality-based quality
control system was the Microsoft HoloLens 2 smart glasses [50]. These glasses were chosen for their
advanced capabilities in capturing and overlaying mixed reality elements in a real-world
environment.

The pneumatic cylinder assembly process involved multiple components, including the cylinder
barrel, end caps, piston, and seals. Participants were instructed to assemble the cylinder under
different conditions, with both correct and incorrect assembly scenarios.

The objective was to determine the effectiveness of the prototype system in accurately assessing
the quality of the assembly process and providing real-time feedback to the assembler.
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Based on the analysis, appropriate holographic overlays are displayed on the smart glasses to
indicate whether the assembly is correct or not.

The initial phase of model training for the quality control system hinges on collecting a set of
images from the pneumatic cylinder prototype. The quality and diversity of the image dataset serve
as the foundation for the system’s accuracy and robustness.

The pneumatic cylinder is assembled and disassembled in different ways, reflecting a wide
range of scenarios, including correct and incorrect assemblies, missing parts, and misaligned
components. Images of these various conditions are captured at different stages of assembly,
encompassing individual components, partial assemblies, and fully assembled cylinders, as shown
in the following figure.

iA0aTBNEES
ljnzﬁnzﬂr
wfFAEAREAR

Figure 4. Captured images of pneumatic cylinder components and assembly.

This image collection ensures that the dataset includes all potential variations that could occur
during the assembly of a pneumatic cylinder.

Once gathered, the images are organized into categories according to the assembly stage,
component type, and the correctness of the assembly. Proper categorization simplifies the annotation
process, which is a crucial step in training the machine learning model.

Roboflow, a web-based platform for dataset management and image annotation, was used for
this purpose [51]. Annotations were made both for parts of the cylinder and for the complete model.

Roboflow was chosen for dataset management and image annotation in this project due to its
streamlined interface, comprehensive toolset, and the capability to manage large datasets efficiently.
It offers a user-friendly platform that simplifies the annotation process, making it more accurate and
consistent.

The model was trained using the YOLOVS object detection algorithm.

During the real-time processing stage, the video stream captured by the Microsoft Hololens 2
smart glasses is transmitted to the server for analysis by the trained YOLO model.

Combined with the YOLO model, OpenCV ensures that the system can swiftly and accurately
identify components and assess the assembly quality.

The analysis results are then sent back to the smart glasses, where the custom Unity application
processes the information and generates an MR overlay on the inspector’s view.

Figure 5 shows the information presented by the Hololens in the validation process of the
pneumatic cylinder assembly quality control.
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Figure 5. Validation process of the pneumatic cylinder assembly quality control.

If the assembly is correct, a holographic indication of “OK” appears on the glasses. If the
assembly is found to be incorrect or incomplete, a holographic indication of “NOT OK” appears. This
real-time feedback mechanism allows the inspector to instantly identify and correct any errors,
enhancing the efficiency and accuracy of the assembly process.

The consistency and accuracy of the server-based image recognition system were evident,
contributing to higher levels of quality control and a decreased risk of defective products.

The prototype confirmed the feasibility and potential benefits of the proposed quality control
methodology, highlighting the advantages of incorporating mixed reality and computer vision
technologies in the inspection process.

5. Conclusions

The study aimed to develop a mixed reality (MR) based quality control system by integrating
smart glasses with a server-based image recognition system and assessing its effectiveness in a
controlled environment. Moreover, it sought to evaluate the performance and viability of this system
under real-world conditions, identify possible problems and areas for improvement, and verify the
feasibility of implementing this MR system on a larger operational scale in the manufacturing
industry. Lastly, the study intended to contribute to the understanding and advancement of MR
technology and provide a practical roadmap for its adoption in industrial quality control.

In terms of the objectives set, the study was highly successful. The MR-based quality control
system was developed and successfully integrated smart glasses and a server-based image
recognition system. In controlled conditions, the system demonstrated its effectiveness in enhancing
the quality control process. The real-time feedback, reduction of human error, and enhanced
observational capabilities provided by the smart glasses all contributed to a noticeable improvement
in the quality control process.

This case study highlighted the effectiveness of combining YOLO and OpenCV for building
robust real-time object detection systems. The integrated systems can automate tasks, enhance
accuracy, and streamline operations, offering significant efficiency gains.

Additionally, through prototype testing under real-world conditions, the study was able to
identify potential problems and areas for improvement. This valuable insight is instrumental in
refining the MR system for larger operational scales, ensuring it is robust and reliable in the
manufacturing industry. The successful prototype testing validated the feasibility of implementing
this MR system on a broader scale, confirming that it is not just theoretically promising but also
practically applicable.

The study successfully provided a practical roadmap for the adoption of MR in industrial quality
control. The detailed analysis of the development, implementation, and evaluation process offers a
valuable resource for organizations considering the adoption of MR technology in their quality
control processes. The study contributes to the advancement of MR technology and its applications
in industrial settings.
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The use of MR in quality control presents numerous advantages, including real-time feedback,
increased accuracy, reduced human error, and improved overall efficiency. In this context, the
development of an MR-based quality control system becomes an attractive proposition for industries
seeking to innovate and optimize their production processes.
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