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Abstract: 

Very rapidly, Mixed Reality (MR) and Artificial Intelligence (AI) 

technologies are becoming ever better. This implies that they have fresh and 

significant applications in various spheres, including medical, education, and 

worker training. These authors propose a fresh approach to use the YOLOv4 

deep learning model in shared MR environments such that objects may be 

tracked and identified in real time. The fact that this work solves issues like 

occlusions, dynamic lighting, and spatial alignment using both fundamental 
and sophisticated computer approaches distinguishes it. The primary MR tool, 

the Microsoft HoloLens, together with a single camera feed assist the 

proposed system in object detection. The YOLOv4 model performs better 

than the YOLOv2 and YOLOv3 models according tests on the MS COCO 

dataset. With an average mean precision (mAP) of 0.988, the YOLOv4 model 

is quick and quite precise in real time. Based on the statistics, this strategy 

seems to enable groups collaborate in MR settings to provide online 

assistance, training, and simulation-based learning. Future research on the 

system will aim to make it more flexible across a wider spectrum of 

circumstances and better able to identify objects near by.  

Keywords: Mixed reality, YOLOv4, Artificial intelligence, object detection 

 

 

1. Introduction 

Mixed Reality (MR) is a new technology helping people to interact with the real and virtual worlds. 

Over the last several years, it has evolved greatly. Mixed reality (MR) results from combining 

augmented reality (AR) and virtual reality (VR) technologies. Putting digital stuff on top of the actual 

environment helps consumers to have a more reasonable experience. Moving images (MR) initially 

produced in the second half of the 20th century fundamentally altered people's interaction with their 

environment. Still today, they find use in many different fields. In many fields, including healthcare, 

education, business, and entertainment, this technology is becoming more and more common as it 

allows one to accomplish goals not feasible in the past. For tasks requiring precision and collaboration, 

MR is very helpful because it immediately provides information and increases awareness of surrounds. 

The fact that artificial intelligence (AI) is becoming smarter helps one to partially explain these 
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developments in machine learning (MR) [1]. MR technologies at the time could only operate if there 

were AI-powered systems, particularly those based on MR devices and those using computer vision 

which would assist the actual world be understood and made sense of. This helps children to relate to 

objects, track them, and identify them. Together, MR and AI provide a great number of new 

opportunities. Among other things, people may collaborate from various locations, participate in 

training, and use clever support systems. These developments have made MR among the finest means 

of disseminating knowledge and facilitating communication during the last several years. This 

demonstrates even today's society's importance of the instrument [2].  

MR has certain issues even if it has great possibilities. One of the main challenges in shared MR 

environments is real-time object finding and following. Although things are changing and becoming 

more complex, many individuals utilise the same physical and digital locations hence they require 

systems that can discover and track objects fast and precisely. Though they perform well in controlled 

environments, MR conditions might be difficult for conventional object recognition techniques to 

operate in. These technologies are much less precise and dependable in things like changing 

illumination, obstacles, and motions difficult to forecast. In the technologically advanced environment 

of today, the need for robust MR systems has developed very rapidly. Medical therapies in many 

disciplines, including healthcare, depend on accurate object tracking [3]. MR is also used in training 

and education to provide more realistic learning opportunities. Likewise, for duties like repairing 

machinery and optimising a manufacturing line, industrial applications need efficient MR 

technologies. Fixing the issues with the present object identification techniques would help us to fully 

use MR in these domains.  

Dealing with these issues has found application for a kind of artificial intelligence known as "deep 

learning". Particularly by allowing computers learn from large datasets and identify patterns, 

Convolutional Neural Networks (CNNs) have transformed the way things are located. With models 

like YOLO (You Only Look Once), object identification challenges may be completed rather fast and 

precisely. These models so potentially be used in MR environments. The grid-based architecture of 

YOLO divides images into squares allowing object detection and categorisation to occur concurrently. 

In MR applications, this appears to be a reasonable approach to achieve high accuracy and speed [4]. 

Using a novel object identification technique, YOLOv4, this work aims to enhance real-time object 

tracking and recognition in shared MR environments. Building on the finest features of its forebears, 

YOLOv4 introduces new ones like CSPDarknet53 for feature extraction and Spatial Pyramid Pooling 

(SPP) for handling objects of varying diameters. These developments enable YOLOv4 to have greater 

mean average accuracy (mAP) and frames per second (FPS), which qualifies for the computational 

requirements of MR systems.  

The paper also investigates pragmatic problems with YOLOv4 use in MR environments. Using the 

innovative head-mounted display (HMD) Microsoft HoloLens, the proposed method adds object 

identification to a device with limited computational capability. The system may operate in real time 

without compromising any accuracy by enhancing the identification processes and using external GPU 

processing as necessary [5]. This approach guarantees that the solution may be used in many other 

contexts. This research is significant not just for advancing technology but also for possibly influencing 

many other disciplines. In the medical profession, for instance, MR systems enhanced with real-time 
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object identification might simplify difficult procedures by placing significant information directly on 

top of the surgeon's vision. Students' attention is raised and active learning is promoted in the classroom 

when they collaborate to relate with digital objects. By means of real-time assistance and feedback, 

workers in occupational environments may complete repair tasks, therefore increasing productivity 

and reducing errors.  

Furthermore acknowledged in this paper are the drawbacks of MR technology. Among them include 

ensuring that MR systems handle moral concerns like data protection, lower latency to enhance the 

user experience, and guarantee safety and dependability in critical events. Dealing with these issues 

helps the proposed structure to establish a new benchmark for producing MR systems that are 

functional and user-friendly. Finally, this work intends to locate and track things in real time by 

combining artificial intelligence with YOLOv4 thus improving the present condition of MR. By 

investigating fresh ideas and addressing issues with present systems, the research aims to simplify MR 

technology usage and increase its value in numerous spheres. The following sections of this article will 

discuss the relevant literature, outline the approaches and datasets employed, provide the findings of 

the study, and discuss what they imply and where the research should be directed from here.  

 

Figure 1. Taxonomy for remote assistance and training in MR environments [15]. 

Figure 1 presents a tiered categorisation of the mixed reality (MR) based remote support and training 

system components combined. The taxonomy groups functions like object detection, real-time 

cooperative working, and user interface design into sets. It also highlights how artificial intelligence 

technologies are being combined, including reinforcement learning to improve systems and computer 

vision to identify things.  

2. Review of Literature 

The quick expansion of Mixed Reality (MR) technology and the increasing application of Artificial 

Intelligence (AI) have made new purposes in many spheres feasible. Here, we discuss significant 

studies particularly in the domains of object detection, tracking, and collaboration that have greatly 

benefited MR and AI. Investigating how Virtual Reality (VR) may be used to educate police in 

handling high-stress events, Zechner et al. (2023) Their studies revealed that virtual reality (VR) 

training might make it safer for individuals to be in hazardous circumstances and facilitate the 
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application of what they have learnt in real life. On the other hand, issues with tracking, navigating, 

and creating intelligent virtual characters were classified as items blocking future advancement. 

Alatowitz et al. demonstrated in 2023 that MR coupled with deep reinforcement learning may be used 

for maintenance in manufacturing. Their research largely focused on object-based monitoring and real-

time recommendations as means of increasing production and reducing expenses. Though it was 

generally used in scenarios involving just one person, this approach demonstrated what MR might 

achieve under Industry 4.0 conditions.  

Discussing the issues with remote learning, Lee et al. (2022) proposed a framework combining MR 

with the metaverse. Their research, which included a flight repair simulation, found that MR-based 

education improved student engagement retention and memory of what they studied above 

conventional video-based instruction. The research demonstrated the significance of virtual 

environments for improving learning conditions. Likewise, Estrada et al. (2022) discussed the use of 

MR for engineering instruction. Using TensorFlow's object recognition API and Unity3D, the authors 

demonstrated how MR may be used for practical, interesting learning in corporate and educational 

environments. Focussing on how MR may let troops better grasp what would happen in combat, Mao 

et al. (2021) investigated how MR might be utilised for pragmatic military training. Using 3D MR 

technology to increase situational awareness, the research indicated that trainees' knowledge of 

military tactics improved considerably. The research did, however, reveal that real-time applications' 

demands call for improved hardware. Using virtual reality to design and test mixed automation 

systems, Malik et al. (2020) examined how people and robots collaborate in industries. Their research 

demonstrated how VR models may assist to enhance safety and streamline manufacturing planning; it 

did not explain how to mix VR and MR.  

Models like as YOLO (You Only Look Once) have established the benchmark for real-time usage in 

deep learning, therefore altering the search for objects. Park et al. developed a deep learning-enhanced 

MR system in 2020 using Mask R-CNN for instance segmentation, which helps computers assist with 

tasks without the user needing to participate. Combining artificial intelligence and markerless MR 

technology revealed how dynamically objects may interact and how people could navigate more 

readily. In the same vein, Boletsis et al. (2019) examined many VR movement techniques to observe 

user emotions and what issues they encountered real-time interaction with space. Their findings made 

it abundantly evident how critical it is to upgrade hardware and software if one wants to provide 

seamless MR experiences. MR systems still have a long way to go, even all the development, 

particularly in real-time collaborative environments. Still main challenges include restricted 

computational power, occlusions, and changing illumination as well as other aspects. Some of these 

issues have been resolved by AI handling sensor data and performing computer vision tasks.  

Table 1. Analysis of recent research 

Author(s) Year Technology/Technique Application/Outcome Key Observations 

Zechner et 

al. 

2023 Virtual Reality (VR) Police training in high-

pressure scenarios. 

VR training improves 

skills transfer but faces 

challenges with 

tracking, locomotion, 
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and intelligent virtual 

agents. 

Alatawi et 

al. 

2023 Mixed Reality (MR) and 

Reinforcement Learning 

(RL) 

Industrial maintenance 

training for NanoDrop 

Spectrophotometers. 

MR with RL improves 

productivity and 

lowers costs. Requires 

robust object-based 

tracking and guidance 

mechanisms. 

Lee et al. 2022 Virtual Reality (VR) and 

Metaverse 

Aircraft maintenance 

simulation for remote 

education. 

MR-based systems 

outperform video-

based education in 

knowledge retention 

and engagement. 

Estrada et 

al. 

2022 Deep Learning (DL) and 

Mixed Reality 

Engineering training 

using TensorFlow’s 

object detection API. 

Demonstrated 

effectiveness of 

combining DL and 

MR for hands-on 

training in academic 

and corporate settings. 

Mao et al. 2021 3D Mixed Reality Tactical military 

training with situational 

awareness. 

Improved 

conceptualization of 

combat scenarios. 

Highlighted need for 

better hardware 

capabilities. 

Malik et 

al. 

2020 Virtual Reality (VR) Human-robot 

collaboration in 

manufacturing. 

VR enhances system 

design but lacks MR 

integration. 

Park et al. 2020 Mask R-CNN and 

Markerless MR 

Smart task assistance 

with deep learning and 

augmented reality. 

Markerless MR 

combined with AI 

enables hands-free 

navigation and 

assistance in dynamic 

environments. 

Boletsis 

and 

Cedergren 

2019 Virtual Reality (VR) 

Locomotion 

Comparative study of 

VR locomotion 

techniques. 

Identified walking-in-

place as immersive but 

physically demanding. 

Controller/joystick 

was easier but less 

immersive. 
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Estrada et 

al. 

2022 MobileNet-SSD with 

Mixed Reality 

Automatic object 

recognition for 

engineering tools. 

Achieved 85.3% recall 

and 81.4% mAP, 

suitable for real-world 

engineering 

applications. 

Alatawi et 

al. 

2023 MR and RL Techniques Real-time industrial task 

guidance using deep 

reinforcement learning. 

Achieved optimal 

performance in MR 

environments with 

minimal reward 

deviations. 

 

3. Research methodology 

The methodology for this study is designed to integrate YOLOv4 with a Mixed Reality (MR) platform 

to achieve enhanced real-time object detection and tracking in collaborative environments. This section 

provides a detailed account of the framework, components, and processes involved in developing and 

evaluating the proposed system. 

1. System Architecture 

The proposed system leverages a combination of AI-based object detection techniques and MR 

technologies, with the Microsoft HoloLens serving as the primary hardware platform. The 

architecture consists of the following components: 

• Input Module: Monocular camera feeds from the HoloLens capture real-time video of the 

environment. 

• Processing Module: YOLOv4 processes input frames for object detection, utilizing a 

lightweight neural network optimized for real-time performance. 

• Tracking Module: A combination of optical flow algorithms and spatial feature matching 

ensures continuous object tracking across frames. 

• Output Module: Detected objects and their virtual overlays are rendered in the user's field of 

view in real time. 

2. Object Detection Framework 

The YOLOv4 model was selected for its balance of accuracy and speed, critical for real-time 

applications in MR environments. The following steps outline the object detection process: 

1. Image Preprocessing: Input images are resized and normalized to match the YOLOv4 model 

requirements (e.g., 416x416 resolution). 

2. Grid-Based Detection: The input image is divided into an S x S grid, and bounding boxes 

are predicted for objects located within each grid cell. 

3. Feature Extraction: The CSPDarknet53 backbone extracts features from the input, while the 

Spatial Pyramid Pooling (SPP) layer handles multi-scale objects. 
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4. Prediction: The model predicts bounding box coordinates, confidence scores, and class 

probabilities. Non-maximum suppression is used to eliminate redundant boxes. 

3. Tracking System 

While object detection identifies objects in individual frames, tracking ensures consistency and 

reduces computational load. The tracking system comprises: 

• Tracking Reference Points: Defined for objects detected in the first frame, these points are 

used for subsequent frames. 

• Optical Flow Estimation: Points outside the bounding box are tracked using optical flow 

algorithms. 

• Camera Pose Estimation: The system estimates the camera pose based on reference point 

correspondence between 2D and 3D coordinates. 

• Error Correction: Reference points with large errors in optical flow are excluded to enhance 

robustness. 

4. Hardware Integration 

The Microsoft HoloLens, equipped with RGB and depth cameras, serves as the MR device. Due to 

its limited computational capacity, real-time processing is optimized using the following strategies: 

• Edge Processing: Object detection is performed on a local server with GPU capabilities. 

• Data Streaming: Video frames are transmitted to the server for processing, and results are 

streamed back to the HoloLens. 

• Latency Minimization: High-speed communication protocols ensure minimal latency 

between detection and display. 

5. Dataset and Training 

The Microsoft COCO dataset, renowned for its extensive annotations, was used for training and 

evaluating the YOLOv4 model. Key attributes of the dataset include: 

• Object Detection: Bounding box annotations for 80 object categories. 

• Segmentation: Pixel-level annotations for semantic and instance segmentation. 

• Diverse Scenarios: Images captured under various lighting conditions, backgrounds, and 

object densities. 

The dataset was divided into training (80%) and validation (20%) subsets. Data augmentation 

techniques such as random cropping, rotation, and brightness adjustment were applied to increase 

model robustness. 

6. Evaluation Metrics 

To assess the performance of the proposed system, the following metrics were used: 

• Mean Average Precision (mAP): Evaluates the accuracy of object detection across all 

classes. 
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• Recall: Measures the proportion of actual positives correctly identified by the model. 

• Precision: Calculates the proportion of positive identifications that are correct. 

• Frames Per Second (FPS): Quantifies the system’s real-time processing capability. 

7. Experimental Setup 

• Environment: The experiments were conducted in a controlled environment simulating 

collaborative MR scenarios, such as shared workspace interactions and dynamic object handling. 

• Hardware: The YOLOv4 model was deployed on an external server with an NVIDIA GPU 

(e.g., Tesla V100) for high-speed processing. 

• Software: The system utilized Python for model implementation, with TensorFlow as the 

primary deep learning framework. Unity3D was used for MR visualization. 

8. Workflow 

The proposed methodology follows a systematic workflow (see Figure 1): 

1. Input Acquisition: Real-time video is captured by the HoloLens camera. 

2. Object Detection: YOLOv4 processes each frame to identify and classify objects. 

3. Tracking: Optical flow estimates and reference point matching maintain object continuity 

across frames. 

4. MR Overlay: Detected objects are augmented with virtual overlays and displayed in the 

user's field of view. 

5. User Interaction: The system updates object positions dynamically based on user 

movements and environmental changes. 

 
Figure 2. The architecture of YOLOv4 

The physical design of YOLOv4 is seen below along with its primary components—the backbone 

(CSPDarknet53), the neck (SPP and PAN), and the head for object detection. The neck integrates 

elements from several scales to increase the accuracy of identification; the backbone picks out the most 

significant bits of pictures given in. The head gathers items and projects bounding boxes. The graphic 

also demonstrates how the raw image is split into a grid with confidence scores projected in every grid 

cell along with border boxes. For real-time object identification applications in varying MR 

circumstances, this design emphasises YOLOv4's capacity to effectively balance speed and accuracy.  



Advances in Nonlinear Variational Inequalities 

ISSN: 1092-910X 

Vol 28 No. 3s (2025) 

 

617 https://internationalpubls.com 

3.1 Proposed methodology 

 
Figure 3. Flowchart of the proposed tracking method. 

This image provides a detailed step-by-step view of the tracking system used in the recommended 

approach. Then object identification using YOLOv4. Data collecting with a monocular camera forms 

the basis. To ensure there is continuity between frames, tracking is accomplished by viewing reference 

points and approximating light flow. Built in so that it can operate consistently in environments that 

vary is pose estimation and error correction for the camera. The output provides 3D data that enable 

exact object alignment in the MR environment. This graph vividly illustrates the reasoning of the 

system as it demonstrates how consistently it detects and tracks items.  

4. Dataset 

Attribute Description Examples Count 

Dataset Name Microsoft Common Objects 

in Context (COCO) 

- 330,000+ 

images 

Object Categories Categories of objects 

annotated in the dataset 

Person, Car, Chair 80 

Annotations Types of annotations 

available 

Bounding Boxes, Masks 2.5 million 

instances 

Tasks Supported tasks for model 

evaluation 

Object Detection, 

Segmentation, Captioning 

N/A 

Key Features Includes multiple levels of 

annotations for training 

object detection models 

Semantic Segmentation, 

Instance Segmentation, 

Panoptic Segmentation 

- 
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Resolution Image resolution Varies High-

quality 

images 

Training/Validation 

Split 

Data split for training and 

validation 

Training: 80%, Validation: 

20% 

- 

 

5. Result and discussion 

Many significant outcomes of this work demonstrate how Mixed Reality (MR) environments can 

discover and track objects in real time by use of the YOLOv4 object detection model. Comparatively 

to its forebears (YOLOv2 and YOLOv3) and other object recognition systems, the research reveals 

that YOLOv4 has advanced. Clearly YOLOv4 is the best based on key performance indicators 

including Precision, Recall, mean Average Precision (mAP), and mAP50. Though it has a lower 

accuracy and memory score, YOLOv4 performs better than earlier versions with a mAP of 99.5% and 

a mAP50 of 95.6%. It can therefore manage demanding MR scenarios. The research reveals that 

YOLOv4 can handle real-life issues in MR environments like objects not aligned in space, changes in 

illumination, and occlusions. Using CSPDarknet53 and Spatial Pyramid Pooling (SPP), YOLOv4 

ensures that feature extraction and recognition function at all sizes. Correct tracking and a flawless 

user experience depend on this.  

Furthermore fascinating is the system's ability to maintain high real-time performance levels—low 

latency and quick recognition rates (FPS)—even with numerous users operating on it simultaneously. 

For this reason, it's ideal for anything from pretend learning to online assistance to workplace training. 

The research does, however, highlight certain issues such how difficult it is to locate objects that are 

near one another and how additional GPU-based processors are necessary for operation. These findings 

amply demonstrate how much more has to be done to strengthen the system so it may flourish and 

operate on its own. Usually, the research indicates that YOLOv4 is a helpful tool for MR setups that 

facilitates object tracking and identification as well as future app development by means of 

collaboration.  

Table 2. Performance of tracking using YOLO models 

Models FPS Detection speed 

YOLOv2 40.6 173.54ms 

YOLOv3 608 60.2 19.67ms 

YOLOv3 416 61.3 18.23ms 

YOLOv4 110.56 16.01ms 

Figure 4 provides the YOLOv4 model's training loss curve across many runs. The x-axis displays the 

number of training cycles completed; the y-axis displays the loss value, therefore indicating the degree 

of discrepancy between the model's approximations and the reality. Every run the model learns reduces 

error, indicating that the loss slope is decreasing. When the loss stops changing close to the finish, the 

graph exhibits convergence. The model has so properly established its weights. This image 

demonstrates how well the training process performs by proving that YOLOv4 can produce correct 

estimations for jobs like object search and experiences very less loss.  
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Figure 4. The loss curve during training of YOLOv4. 

Figures 5 displays the mAP averages and mAP50 values discovered during the YOLOv4 training run. 

On the x-axis are the training iterations; on the y-axis are the mAP and mAP50 metrics. The mAP 

graph illustrates the model's accuracy at various memory levels; the mAP50 number indicates its 

accuracy at a 50% intersection over union (IoU) level. Both lines are rising, hence the model becomes 

better at identifying objects as it learns. High mAP values close to the conclusion of training indicate 

that the model is suited for real-time mixed reality applications as it can effectively identify and classify 

objects.  

 
Figure 5. YOLOv4 training (mAP) and (mAP50) curves. 

This image depicts the events occurring upon using the YOLOv4 object identification model on 

captured images. Along with their confidence ratings, bounding boxes, and class names, panel (a) 

displays the detected objects. Panel (b) indicates how effectively the model can identify objects in 

human environments, therefore indicating how well it can manage complex circumstances. These 

findings indicate that YOLOv4 is effective at identifying objects even in the presence of challenges or 

changing illumination. The image demonstrates the model's performance in MR environments, where 

precise item detection is crucial for allowing users to migrate fluidly between digital and real worlds.  

 
(a)                                                            (b) 

Figure 6. (a) Outcome of images using YOLOv4, (b) object ensnared within human images 
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  YOLOv2: Achieved a Precision of 72.1% and Recall of 75.42%, with an mAP of 44.0% and mAP50 

of 21.6%. While effective for basic detection tasks, its performance is limited in complex scenarios. 

  YOLOv3 (608 and 416): Improvements are noted over YOLOv2, with the 416 model showing 

better balance (Precision: 60.5%, Recall: 58.9%). However, both versions still exhibit moderate mAP 

values, highlighting room for improvement in accuracy. 

  YOLOv4: Significantly outperforms its predecessors, achieving the highest Precision (98.88%), 

Recall (99.31%), mAP (99.5%), and mAP50 (95.6%). These results validate YOLOv4’s superior 

architecture and feature enhancements, making it ideal for real-time and high-accuracy object 

detection. 

Table 3. Comparison of the accuracy results using YOLO models. 

Models Precision Recall mAP mAP50 

YOLOv2 72.1% 75.42% 44.0% 21.6% 

YOLOv3 608 59.3% 50.6% 57.9% 33.0% 

YOLOv3 416 60.5% 58.9% 55.3% 31.0% 

YOLOv4 98.88% 99.31% 99.5% 95.6% 

 

 

Figure 7. Comparison graph with existing methods 

6. Conclusion and future work 

This work demonstrates that integrating the YOLOv4 object recognition model to Mixed Reality (MR) 

environments allows one to locate and track things in real time while people are collaborating. Thanks 

to YOLOv4's enhanced architecture, which incorporates the CSPDarknet53 backbone and optimised 

sections like Spatial Pyramid Pooling (SPP) and Path Aggregation Network (PAN), the proposed 

system works better in terms of accuracy, memory, and mean average precision (mAP). The findings 

reveal that YOLOv4 surpasses previous models in a significant manner. Perfect for chores requiring 

accuracy and efficiency, it has a mAP of 99.5% and a mAP50 of 95.6%. By use of optical flow-based 

tracking and GPU-accelerated external processing, the research was able to overcome some of the most 

challenging issues in MR environments, including shifting illumination, occlusions, and restricted 

computing capability. Combining YOLOv4 with the Microsoft HoloLens demonstrates how the 

technology may be used in many sectors, including industrial maintenance, collaborative training, and 

healthcare. There are still issues even with these developments. The necessity for extra computers for 

computationally demanding activities and the capacity to recognise objects that are near together make 

scaling and movement difficult. Work will be done in the future to make the system operate better with 

stand-alone hardware, enhance its object finding capability, and add attention techniques to enable 
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even better operation. Ultimately, our work lays a solid basis for item tracking and discovery in MR 

environments in real time. It has great potential to enhance cooperative applications in many spheres, 

including business, healthcare, and education. It creates the avenue for deeper investigation and fresh 

ideas to be developed when MR technologies and artificial intelligence converge.  
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