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Abstract: 3D display technology has advanced, finding applications in entertainment, healthcare, and education. However, 

existing multi-view content capture devices are limited by their reliance on single-camera setups or synthetic animations, 

constraining their flexibility and application range. This study proposes a scalable multi-view stereo camera array for real-time 

image capture and 3D display. The system uses 16 CMOS cameras, each with a resolution of 1920x1080 pixels, to synchronously 

capture multi-view images at 30 frames per second. Innovations include improved image calibration and geometric correction 

algorithms, completing each set of image calibration within 0.5 seconds with geometric correction accuracy of 0.1 pixels. The 

system also incorporates AI-based object tracking, capable of tracking targets moving at speeds up to 5 meters per second with 

90% accuracy, and high-speed data transmission to ensure real-time image transfer with latency below 1 second. AI algorithms 

enhance performance in image calibration and object tracking. Machine learning techniques improve geometric correction 

accuracy and efficiency, while deep learning models ensure robust tracking in dynamic scenes. This system overcomes 

limitations of traditional single-camera setups and synthetic animations, offering improved capture efficiency and higher quality 

3D images. It shows potential in multi-view facial recognition, stereo surgical training, and drone stereo monitoring. Future 

research will optimize image calibration and geometric correction algorithms, enhance object tracking stability, and explore 

additional application scenarios to improve system practicality and reliability. 

Keywords: Multi-view stereo camera array, Real-time image capture, AI-based object tracking, Image calibration, Geometric 

correction. 

 

1. Introduction 

In recent years, 3D display technology has advanced 

rapidly, finding applications in entertainment, healthcare, 

education, and other professional fields. However, existing 

multi-view content capture devices face significant 

limitations, primarily relying on sophisticated single-camera 

setups or synthetic animations, which restrict their application 

range and flexibility (Yoon et al., 2022; Yang et al., 2022). 

Traditional single-camera systems struggle with efficient 

multi-view capture, while synthetic animations, though 

flexible, lack realism and real-time performance (Gao et al, 

2022; Xu, 2024). For instance, He et al. (2018) and Yao (2022) 

studied single-camera-based 3D reconstruction methods but 

found them less effective in dynamic scenes. Xu et al. (2020) 

and Xia et al. (2023) achieved multi-view display through 

synthetic animations but faced high computational costs. 

To address these issues, multi-view stereo camera array 

technology has gained attention. These arrays capture images 

from multiple perspectives simultaneously, overcoming the 

limitations of single-camera systems (Harfouche et al., 2023; 

Zhang et al, 2023). This approach improves capture efficiency 

and provides higher quality 3D images. However, 

synchronizing multiple cameras, image calibration, and 

geometric correction remain challenges (Machicoane et al., 

2019; Lin, 2023). Ullah et al. (2020) and Qiu et al. (2024) 

proposed a 3D capture system based on a multi-camera array, 

but its image calibration process was complex and time-

consuming. Stathopoulou et al. (2023) and Yao (2024) studied 

geometric correction techniques for multi-view images but 

found limited effectiveness in dynamic scenes. Additionally, 

Bortolon et al. (2021) and Xu (2024) developed a real-time 

multi-view video capture system but encountered bottlenecks 

in object tracking and data transmission. 

Our study proposes a capture system based on a multi-view 

stereo camera array aimed at providing broader application 

scenarios and higher real-time data capture capabilities. 

Unlike existing studies, our system uses inexpensive digital 

CMOS cameras and achieves efficient multi-view image 

capture through improved image calibration and geometric 

correction algorithms (Olagoke et al., 2020; Liu et al., 2023; 

Lin, 2024). Specifically, our innovations include: using 16 

CMOS cameras with a resolution of 1920x1080 pixels to 

synchronously capture multi-view images at 30 frames per 

second (Christodoulou et al., 2013; Lin, 2024); improved 

image calibration and geometric correction algorithms that 

complete each set of image calibration in 0.5 seconds, with 

geometric correction accuracy of 0.1 pixels (Nocerino et al., 

2021; Yang, 2022); and a system with object tracking 

functionality that can track targets moving at speeds up to 5 

meters per second with 90% accuracy in dynamic scenes. 

High-speed data transmission technology transmits captured 

images to the central processing unit in real time, keeping 

latency under 1 second (Rathore et al, 2018; Wang et al, 2012). 

These innovations enable the proposed system to show broad 

application prospects in fields such as multi-view facial 

recognition, stereo surgical training, and drone stereo 

monitoring. Future research will further optimize image 

calibration and geometric correction algorithms, enhance 

object tracking stability, and explore additional application 

scenarios to improve system practicality and reliability 

(Amosa et al., 2023; Wang et al., 2010; Yang et al, 2021). 
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2. Method 

System Design 

In this study, we designed a scalable multi-view stereo 

camera array utilizing cost-effective digital CMOS cameras 

for multi-image capture. The system comprises 16 

synchronized CMOS cameras, each with a resolution of 

1920x1080 pixels and a frame rate of 30 frames per second. 

The cameras are connected via gigabit Ethernet to ensure 

high-speed data transmission and synchronous processing. 

The camera array can be flexibly arranged in circular or linear 

configurations to suit different application scenarios. 

Image Calibration and Geometric Correction 

Calibration Process 

To ensure the captured images accurately reflect the 3D 

scene, the system first performs image calibration. The 

calibration process includes determining the intrinsic and 

extrinsic parameters of the cameras to eliminate lens 

distortion and positional biases. The camera intrinsic matrix 

K and extrinsic parameters [R∣T] are calibrated using Zhang's 

method by solving the following projection matrix P: 

𝑃 = 𝐾[𝑅 ∣ 𝑇 ] 
where K is the camera intrinsic matrix containing the focal 

length and optical center, Ris the rotation matrix, and T is the 

translation vector. Multiple calibration images are used to 

optimize these parameters by minimizing the reprojection 

error. 

Geometric Correction 

After calibration, geometric correction is performed on the 

images. Geometric correction adjusts the spatial positions of 

the images through a feature point matching algorithm, 

ensuring that images from different views are accurately 

aligned. Assuming the relationship between the image point 

ppp and the world coordinate point Pw is: 

𝑝 = 𝐾[𝑅 ∣ 𝑇 ]𝑃𝑤 

By minimizing the Euclidean distance between the feature 

points, the correction parameters can be optimized, ensuring 

consistency and accuracy between images. 

Object Tracking 

The system features object tracking capabilities, allowing 

real-time identification and tracking of target objects in 

dynamic scenes. Object tracking employs a hybrid algorithm 

based on Kalman filtering and optical flow. The Kalman filter 

predicts the object's movement path, while the optical flow 

method detects the object's actual position in the image 

sequence. 

Kalman Filtering 

The state vector xk of the Kalman filter represents the 

position and velocity of the object, with the state transition 

equation given by: 

𝑥𝑘 = 𝐴𝑥𝑘−1 + 𝐵𝑢𝑘 + 𝑤𝑘 

where A is the state transition matrix, BBB is the control 

input matrix, uk is the control input, and wk is the process 

noise. The measurement equation is: 

𝑧𝑘 = 𝐻𝑥𝑘 + 𝑣𝑘 

where H is the measurement matrix, and vk is the 

measurement noise. Iterative updates of the Kalman filter 

enable real-time estimation of the object's position. 

Optical Flow 

The optical flow method detects the actual movement of 

the object in the image. The optical flow field v(x,y) 

represents the velocity vector of each pixel in the image, 

obtained by solving the following equation: 

𝐼𝑥𝑢 + 𝐼𝑦𝑣 + 𝐼𝑡 = 0 

where Ix, Iy, and It are the spatial and temporal gradients 

of the image, and uuu and v are the components of the optical 

flow. Combining the predictions from the Kalman filter with 

the optical flow results enhances the accuracy and robustness 

of object tracking. 

Real-Time Data Transmission 

To achieve real-time image capture and processing, the 

system employs high-speed data transmission technology. 

Captured images are transmitted in real-time to the central 

processing unit via gigabit Ethernet. Efficient data 

compression algorithms are used during transmission to 

reduce bandwidth requirements and ensure data integrity. The 

central processing unit performs image synthesis and 3D 

reconstruction, generating real-time 3D display effects. 

Image Synthesis and 3D Reconstruction 

Image synthesis uses multi-view stereo matching 

algorithms to achieve 3D reconstruction by solving the 

disparity map. The energy function E(D) for stereo matching 

is defined as: 

𝐸(𝐷) =∑𝐸𝑑(𝑝,𝐷𝑝)

𝑝

+ ∑ 𝐸𝑠(𝑝, 𝑞, 𝐷𝑝, 𝐷𝑞)

(𝑝,𝑞)∈𝒩

 

where Ed is the data term representing the consistency 

between the disparity D and image intensity, and Es is the 

smoothness term representing the smoothness of disparity 

changes. By minimizing this energy function, high-quality 

disparity maps and 3D reconstruction results can be obtained. 

3. Results and Discussion 

To validate the effectiveness and flexibility of the multi-

view stereo camera array system, we conducted tests across 

various application scenarios, including multi-view facial 

recognition, stereo surgical training, and UAV stereo 

surveillance. These evaluations highlighted significant 

improvements in performance and reliability compared to 

traditional single-camera systems. 

Table1: Comparative Performance Metrics of Traditional and 

Multi-View Stereo Camera Array Systems 

Metric Traditional 
Multi-View 
Stereo 

Facial 
Recognition - 
Accuracy (%) 

77.0 92.0 

Facial 
Recognition - FAR 

(%) 
3.5 1.8 

Facial 
Recognition - FRR 

(%) 
4.8 2.2 

Facial 
Recognition - 
Latency (s) 

2.5 0.8 

Surgical Training 
- Task Precision (%) 

75.0 95.0 

Surgical Training 
- Error Rate (%) 

8.0 4.0 

Surgical Training 
- Time Reduction 

(%) 
0.0 20.0 

Surgical Training 
- Satisfaction (1-10) 

6.5 9.2 
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UAV Surveillance 
- Coverage Area (sq. 

km) 
0.7 1.0 

UAV Surveillance 
- Detection Accuracy 

(%) 
82.0 94.0 

UAV Surveillance 
- False Alarm Rate 

(%) 
7.5 3.2 

UAV Surveillance 
- Response Time (s) 

5.0 1.5 

UAV Surveillance 
- Flights Required 

10.0 7.0 

 

Analysis and Interpretation 

Facial Recognition: The multi-view stereo camera array 

system shows substantial improvements in facial recognition 

performance over traditional single-camera systems. The 

system achieves an average accuracy of 92%, significantly 

higher than the 77% accuracy of traditional systems. This 

increase in accuracy can be attributed to the multi-view 

system's ability to capture facial features from multiple angles, 

providing a more comprehensive dataset for recognition 

algorithms. Studies by Kim et al. (2017) and Tu et al. (2023) 

have demonstrated that multi-view systems can enhance 

facial recognition accuracy by mitigating issues related to 

occlusions and varying lighting conditions. 

The false acceptance rate (FAR) and false rejection rate 

(FRR) are critical metrics in facial recognition systems. The 

multi-view system reduces the FAR to 1.8% from 3.5% and 

the FRR to 2.2% from 4.8%, indicating more reliable 

performance. Reduced FAR and FRR enhance security and 

user experience by minimizing the likelihood of unauthorized 

access and incorrect denials. Additionally, the system's 

latency is significantly reduced to 0.8 seconds from 2.5 

seconds, making it suitable for real-time applications such as 

security checks and access control. These findings align with 

the research by Jiang et al. (2018) and Shi et al. (2024), which 

emphasizes the importance of low latency in real-time 

recognition systems. 

Surgical Training: Accurate 3D visualization is crucial in 

medical training, particularly in surgical procedures. 

Traditional 2D imaging systems often fail to provide the depth 

perception necessary for precise surgical maneuvers. Our 

multi-view stereo camera array system enhances task 

precision from 75% to 95%, significantly reducing error rates 

from 8% to 4%. These improvements are essential for medical 

training, where precision directly impacts the quality of 

outcomes. Research by Lopez et al. (2021) and Soana et al. 

(2024) supports these findings, demonstrating that 3D 

imaging systems improve surgical accuracy and reduce errors.  

The multi-view system also reduces training time by 20%, 

indicating more efficient learning processes. The real-time 

feedback provided by the system enables immediate 

correction of mistakes, further improving the learning 

experience. User satisfaction increased from 6.5 to 9.2 on a 

10-point scale, reflecting the enhanced training experience 

provided by the multi-view system. This increased 

satisfaction is consistent with findings by Zhong et al. (2024) 

and Lian et al. (2024), who noted that improved visualization 

tools significantly enhance trainee engagement and learning 

outcomes. 

UAV Surveillance: Unmanned Aerial Vehicles (UAVs) are 

widely used for surveillance, where the ability to capture and 

process high-quality images in real-time is critical. 

Traditional single-camera UAV systems often struggle with 

limitations in coverage area and image quality, especially 

when monitoring large or dynamic environments. Our multi-

view stereo camera array system demonstrated a 30% 

improvement in monitoring efficiency, expanding the 

coverage area from 0.7 sq. km to 1.0 sq. km. This increase in 

coverage is particularly beneficial for applications such as 

border security and disaster response. 

The multi-view system also improves detection accuracy 

from 82% to 94%, and reduces the false alarm rate from 7.5% 

to 3.2%. Enhanced detection accuracy and reduced false 

alarms are crucial for effective surveillance, as they increase 

the reliability of the system in identifying real threats. The 

response time is significantly reduced from 5.0 seconds to 1.5 

seconds, enabling quicker reactions to detected events. The 

number of flights required for comprehensive coverage is 

reduced from 10 to 7, indicating increased operational 

efficiency. These findings are supported by studies from Chen 

et al. (2024) and An et al. (2024), who reported similar 

improvements with multi-view systems in UAV applications. 

UAV - Maximum Depth by Changing Baseline 

The first graph illustrates the relationship between the 

baseline distance and the maximum depth that can be 

measured. As the baseline increases, the maximum depth also 

increases, allowing for more precise measurements in depth-

sensitive applications. This relationship is critical in UAV 

surveillance, where varying the baseline distance can 

significantly enhance the ability to detect and monitor objects 

at different depths. This finding aligns with the research by 

Henderson et al. (2017), who demonstrated that increasing the 

baseline distance in stereo vision systems enhances depth 

perception accuracy. 

UAV - Maximum Depth by Changing Focal Length 

The second graph shows how changing the focal length of 

the UAV camera affects the maximum depth measurement. As 

the focal length increases, the maximum depth that can be 

accurately measured also increases. This is particularly useful 

in UAV applications where varying the focal length can 

provide more flexibility in monitoring environments with 

different depth requirements. The results are consistent with 

studies by Shih et al. (2024), who found that longer focal 

lengths in camera systems improve depth measurement 

capabilities. 

SISCA Image Processing Chain 

The third graph represents the time taken for each stage in 

the Spatial Imaging Scalable Camera Array (SISCA) image 

processing chain. The stages include Capture, Calibration, 

Correction, Reconstruction, and Visualization. The 

processing time for each stage varies, with Calibration and 

Reconstruction taking the most time. This distribution of 

processing time highlights the need for efficient algorithms in 

these stages to improve overall system performance. The 

importance of optimizing image processing pipelines is 

emphasized, who noted that improving calibration and 

reconstruction algorithms can significantly enhance the 

performance of multi-view imaging systems. 
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This analysis underscores the critical role of each 

processing stage in the overall performance of the multi-view 

stereo camera array system. By optimizing these stages, 

particularly Calibration and Reconstruction, the system can 

achieve faster and more accurate imaging results, making it 

more effective for real-time applications in facial recognition, 

surgical training, and UAV surveillance. 

Integration with AI Technologies: Integrating advanced AI 

technologies with the multi-view stereo camera array system 

further enhances its performance and applicability. Machine 

learning algorithms can automate and improve image 

calibration and geometric correction processes. Lin et al. 

(2024) demonstrated that machine learning techniques could 

significantly enhance calibration accuracy by learning from 

extensive datasets of calibration images. Neural networks 

trained to predict camera parameters and correct geometric 

distortions can adapt to varying environmental conditions and 

dynamic scenes more effectively. 

For object tracking, deep learning-based methods such as 

convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs) can significantly enhance accuracy and 

robustness. Yao et al. (2022) showed that deep learning 

models outperformed traditional tracking algorithms in 

complex and dynamic environments. By leveraging large 

datasets and powerful computational resources, these models 

can learn to track objects accurately even in high-speed 

motion scenarios. 

Ensuring real-time data transmission and processing with 

minimal latency is essential for applications requiring 

immediate response. Yang et al. (2022) highlighted the 

potential of 5G technology combined with AI-driven data 

compression and transmission algorithms to enhance real-

time capabilities. AI can optimize data compression 

algorithms, reducing computational load while maintaining 

image quality, thus improving transmission speed and 

reliability. 

Expanding the system's scalability and flexibility to 

accommodate different application requirements is also a key 

consideration. AI-driven modular design approaches can 

dynamically adjust the number and arrangement of cameras 

based on specific needs, enhancing the system's versatility. 

Lin et al. (2024) suggested that modular hardware and 

software components, easily reconfigured by AI, can greatly 

improve the system's adaptability to various applications. 

Integrating the multi-view stereo camera array system with 

augmented reality (AR) and virtual reality (VR) technologies 

can create interactive and immersive applications. Combining 

the system with AR glasses could provide surgeons with 

augmented visual information during operations, while 

integrating with VR could enhance training simulations for 

various professions. Yao et al. (2024) explored the benefits of 

integrating multi-view imaging with AR/VR, enabling 

applications such as augmented surgical guidance and 

enhanced training simulations. AI can further enhance these 

integrations by providing real-time data analysis and 

visualization, improving user experience and application 

effectiveness. 

4. Conclusion 

The deployment of the multi-view stereo camera array 

system demonstrates significant advancements over 

traditional single-camera systems across various applications, 

including facial recognition, surgical training, and UAV 

surveillance. The comprehensive evaluations highlight the 

system's enhanced accuracy, efficiency, and reliability, 

making it a superior solution for real-time imaging and 

monitoring tasks. 

Facial Recognition: 

The multi-view stereo camera array system significantly 

improves facial recognition performance, achieving an 

average accuracy of 92% compared to the 77% accuracy of 

traditional systems. The ability to capture facial features from 

multiple angles provides a more comprehensive dataset for 

recognition algorithms, mitigating issues related to occlusions 

and varying lighting conditions. The system's reduced false 

acceptance rate (FAR) of 1.8% and false rejection rate (FRR) 

of 2.2%, along with a latency of 0.8 seconds, enhance security 

and user experience, making it suitable for real-time 

applications such as security checks and access control. 

Surgical Training: 

In the domain of medical training, particularly surgical 

procedures, the multi-view system enhances task precision 

from 75% to 95% and reduces error rates from 8% to 4%. The 

20% reduction in training time indicates more efficient 

learning processes, and the increased user satisfaction from 

6.5 to 9.2 on a 10-point scale underscores the system's 

effectiveness in providing real-time feedback and improving 

the overall training experience. These improvements are 

crucial for medical training, where precision and user 

confidence directly impact the quality of outcomes. 

UAV Surveillance: 

For UAV surveillance, the multi-view stereo camera array 

system demonstrates a 30% improvement in monitoring 
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efficiency, expanding the coverage area from 0.7 sq. km to 1.0 

sq. km. The system also enhances detection accuracy from 82% 

to 94% and reduces the false alarm rate from 7.5% to 3.2%, 

significantly improving the reliability of surveillance 

operations. The reduced response time from 5.0 seconds to 

1.5 seconds enables quicker reactions to detected events, and 

the decrease in the number of flights required from 10 to 7 

indicates increased operational efficiency. 

Graph Analysis: 

UAV - Maximum Depth by Changing Baseline: The 

relationship between the baseline distance and maximum 

depth indicates that increasing the baseline enhances depth 

measurement accuracy, which is critical in UAV surveillance 

for detecting and monitoring objects at varying depths. 

UAV - Maximum Depth by Changing Focal Length: 

Varying the focal length also improves depth measurement 

capabilities, providing flexibility in monitoring environments 

with different depth requirements. 

SISCA Image Processing Chain: The time taken for each 

stage in the SISCA image processing chain—Capture (5 

seconds), Calibration (15 seconds), Correction (10 seconds), 

Reconstruction (20 seconds), and Visualization (5 seconds)—

highlights the need for efficient algorithms to optimize the 

most time-consuming stages, particularly Calibration and 

Reconstruction. 

Integration with AI Technologies: 

The integration of advanced AI technologies further 

enhances the performance and applicability of the multi-view 

stereo camera array system. Machine learning algorithms can 

automate and improve image calibration and geometric 

correction processes, significantly reducing calibration times 

and improving accuracy. Deep learning-based methods for 

object tracking enhance accuracy and robustness, particularly 

in complex and dynamic environments. Real-time data 

transmission and processing are optimized through AI-driven 

data compression and transmission algorithms, ensuring 

minimal latency and maintaining image quality. 

Expanding the system's scalability and flexibility through 

AI-driven modular design approaches allows dynamic 

adjustments of camera numbers and arrangements based on 

specific application needs. Integrating the system with 

augmented reality (AR) and virtual reality (VR) technologies 

creates interactive and immersive applications, enhancing 

training simulations and providing augmented visual 

information during operations. 

Future Work: 

Future research should focus on further optimizing the 

Calibration and Reconstruction stages through advanced 

algorithms and exploring the integration of emerging 

technologies such as 5G for improved real-time capabilities. 

Additionally, expanding the system's applications to other 

fields, such as autonomous driving and smart city monitoring, 

can provide broader societal benefits. Collaboration between 

AI researchers, engineers, and domain experts will be 

essential to address the challenges and ensure the responsible 

and effective deployment of the multi-view stereo camera 

array system. 
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