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Abstract—Person Re-identification (Re-ID) in single-gallery 

scenarios—where each individual has only one registration 

image—suffers from severe viewpoint sensitivity due to 

insufficient pose diversity. This study introduces ViewSynthReID, 

a pioneering generative augmentation framework that leverages 

Wan2.2, the latest diffusion-based video generation model, to 

synthesize complete 360° viewpoint coverage from a single input. 

The pipeline innovatively employs MediaPipe for automatic 

frontal pose selection, Hybrid Attention Transformer (HAT) for 

texture-preserving super-resolution, and diffusion synthesis to 

create photorealistic multi-pose variants, all seamlessly integrated 

into the lightweight OSNet backbone for efficient multi-scale 

feature extraction. On Market-1501, while overall Rank metrics 

experienced minor degradation from synthetic artifacts (Rank-1: 

92.3% → 91.8%), the method delivered targeted gains in 

challenging viewpoint transitions: 75/3,368 queries (2.2%) showed 

Rank-1 improvements averaging +12.4%, with 28 cases exceeding 

+25%. These gains were most pronounced in >90° viewpoint gaps, 

proving generative synthesis effectively bridges critical pose gaps 

unattainable through traditional augmentation. For real-world 

deployment, a production-grade inference pipeline is engineered, 

combining YOLO26 pedestrian detection with TensorRT-

optimized OSNet, achieving 7.20 FPS and 135ms latency on 4K 

video streams. This system enables practical smart city 

applications, including real-time crowd monitoring, lost person 

recovery, and traffic behavior analysis, demonstrating that 

strategic generative augmentation can transform single-shot Re-

ID from research curiosity to deployable surveillance technology. 

Keywords—Person re-identification; generative AI; data 

augmentation; OSNet; real-time systems 

I. INTRODUCTION 

In modern urban spaces, building intelligent surveillance 
systems is a crucial challenge from the perspectives of public 
safety, crime prevention, and people flow analysis. In particular, 
person re-identification (Re-ID) technology, which tracks 
specific individuals through real-time analysis of video data 
from massive numbers of surveillance cameras installed in 
urban areas, has attracted attention as a core technology in smart 
city initiatives. Person re-identification refers to the process of 
searching for a specific person across a network of multiple 
cameras with non-overlapping camera views and identifying 
the same person. The need for this technology extends beyond 
simple crime prevention to include lost or missing person 
searches, traffic flow optimization in large-scale facilities such 
as airports and train stations, and even advanced store analytics. 
However, achieving accurate person re-identification in real-
world surveillance scenarios requires overcoming numerous 

technical barriers. Surveillance camera footage is subject to 
difficult-to-control factors, such as changing lighting 
conditions, diverse subject postures, changes in camera angle, 
and occlusion by obstacles. These factors lead to "intra-class 
variation", a situation in which the same person's appearance 
can vary significantly across images, dramatically increasing 
the difficulty of re-identification. In addition to these general 
challenges, single-gallery person re-identification introduces a 
particularly severe constraint, where only a single reference 
image is available for each identity in the gallery. This setting 
is significantly more difficult than the commonly studied multi-
shot scenario, where multiple images per identity can capture 
variations in appearance. In single-gallery settings, the lack of 
viewpoint diversity becomes a critical issue. For example, a 
person registered with only a frontal image must be matched 
against query images captured from side or rear views. This 
drastic viewpoint discrepancy leads to a substantial appearance 
gap, making feature matching highly unreliable. Furthermore, 
pose variation further exacerbates this problem. Human posture 
can vary widely depending on walking motion, body 
orientation, or interactions with objects, causing significant 
changes in silhouette and local features. Without multiple 
reference images capturing such variations, the model must 
generalize from extremely limited visual information. As a 
result, single-gallery Re-ID systems are particularly vulnerable 
to intra-class variation caused by viewpoint and pose diversity, 
and existing deep learning approaches—often trained under 
multi-view or multi-shot assumptions—struggle to maintain 
robustness under this restrictive condition. 

Previous research has focused primarily on deep learning 
approaches using Convolutional Neural Networks (CNNs), 
which have significantly improved accuracy. However, training 
deep learning models requires massive amounts of annotated 
data. Person re-identification requires the task of labeling 
images captured by different cameras, but this process requires 
significant manual effort and time, significantly limiting 
scalability. Furthermore, in recent years, regulations (e.g., 
GDPR) on the collection and use of images of real people have 
become stricter from the perspective of personal information 
protection, making the construction of datasets itself fraught 
with legal and ethical risks. This requires a combination of 
"data augmentation" to compensate for the lack of real data and 
"lightweight model architectures" that enable highly accurate 
inference with limited computational resources. In this study, it 
is investigated the possibility of data expansion using Wan2.2, 
the latest video and image generation model developed by 
Alibaba, and verify its accuracy and real-time performance 
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using OSNet, which is specialized for real-time operation.  

The following section describes research objectives 
followed by conventional methods and datasets. Re-ID related 
works are described followed by the proposed method together 
with experiments. Then, some remarks are described followed 
by conclusion with some discussions. After that, future works 
are described. 

II. RESEARCH OBJECTIVES 

In this study, the following two-stage approach is proposed 
to improve the recognition accuracy of person re-identification 
in a single-gallery setting (where there is only one registered 
image for each individual) and achieve real-time performance 
that is suitable for practical use. 

A. Obtaining Viewpoint Invariance by Data Augmentation 

using Generative AI 

The biggest challenge in the single-gallery setting is the 
"viewpoint mismatch" between the registered and query images. 
To address this issue, a data augmentation method is introduced 
that utilizes Wan2.2 (2025) [1], a state-of-the-art diffusion 
model-based video and image generation architecture. 

• Specifically, from a single frontal image, high-quality 
images from any angle (side, back, diagonal, etc.) are 
generated while maintaining the geometric features of the 
target. 

• Complementing diversity: It is simulated by multi-
viewpoint images with "pose changes" and "self-
occlusions" that are difficult to reproduce using 
conventional geometric transformations (cropping and 
flipping). 

Improved versatility: This enables the model to learn robust 
feature extraction even for queries from unknown angles during 
the training phase, significantly reducing the decline in 
recognition accuracy that occurs when the viewpoint changes. 

B. OSNet for Real-Time Processing and Optimized Accuracy 

To utilize the high-precision classification capabilities 
achieved through the aforementioned data augmentation in 
real-world surveillance systems, efficient use of computational 
resources is essential. Therefore, in this study, OSNet (Omni-
Scale Network, 2019) [2] is adopted as the backbone network. 
OSNet features "all-scale feature learning", which 
simultaneously extracts features at multiple scales, while 
maintaining a lightweight architecture based on depthwise 
separable convolutions. 

• Efficient feature extraction: From the abundant data 
augmented by Wan2.2, pedestrian features are efficiently 
extracted, from fine details (local features) to overall 
features (global features) of body shape and clothing, with 
minimal computational effort. 

• Suitability for production: By improving inference 
throughput while maximizing the learning effect of high-
precision data augmentation, a configuration capable of 
real-time processing is constructed. 

III. CONVENTIONAL METHODS AND DATASETS 

A. Experimental Environment and Dataset 

In this study, the following two datasets are used to verify 
the effectiveness of the proposed method: the first is the 
Market-1501 dataset, and the second is original data taken at 
Kurume Institute of Technology. 

• Market-1501: This is a standard benchmark for person re-
identification, containing 1,501 pedestrian images (32,668 
images in total) obtained from six cameras [3]. In this 
study, a verification under a single-gallery setting was 
conducted, using only one registration image per ID, to 
reduce the registration load in a real-world environment. 
An example image from the Market-1501 dataset is shown 
in Fig. 1. 

• Originally collected dataset: To conduct a detailed 
qualitative and quantitative analysis of the impact of AI-
generated images on re-identification accuracy, an original 
dataset of five subjects is created, taking high-resolution, 
multi-angle photographs. This allows us to evaluate the 
reproducibility of subtle features, which is difficult to 
achieve with low-resolution data such as Market-1501 (see 
Fig. 2). 

 

Fig. 1. Market-1501 dataset example. 

 

Fig. 2. 4K video shots acquired at Kurume Institute of Technology. 

B. Proposed Method and Data Preprocessing 

The core of this research is to complement multi-view 
information from a single registered image and improve the 
robustness of the classifier. The specific pipeline is described 
below. 

1) Automatic keyframe selection: To accurately reproduce 

the single-gallery setting, an optimal registration image from 

each ID in Market-1501 was selected. In this study, MediaPipe 

[4] is used to detect key points on the subject's face and body, 

and automatically extract the image that was closest to the front 
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(front) of the camera's optical axis. As a result, the frontal 

viewpoint was used as the basis for feature extraction, as it is 

believed to contain most information. 

2) Feature enhancement by super-resolution: The images 

in Market-1501 are generally low-resolution (e.g., 128x64 

pixels) and lack texture information for to use as input to a 

generative model. To address this issue, the Hybrid Attention 

Transformer (HAT, 2023) [5] is introduced. By increasing the 

resolution by four times, HAT complements and emphasizes 

clothing patterns and fine appearance features, ensuring the 

accuracy of the subsequent generation process. 

3) Multi-view video generation and gallery expansion 

using Wan2.2: Using the preprocessed frontal image as a 

keyframe (seed image), the latest video generation model, 

Wan2.2 was applied. Built on a Flow-Matching Video 

Diffusion Transformer architecture, Wan2.2 utilizes a unified 

1D-causal attention mechanism to ensure temporal consistency. 

Specifically, its ability to generate high-fidelity dynamic 

sequences with continuous viewpoint changes from still images 

was leveraged, constructing a near-360-degree simulated 

appearance from the front to the side and back. 

4) Integration into the classifier (OSNet): Frames 

corresponding to specific angles are sampled from the 

generated video and incorporated as gallery data into OSNet 

(Omni-Scale Network), which significantly improves 

robustness to viewpoint variation in a scene where only a single 

viewpoint exists. 

IV. RELATED WORKS 

Person re-identification (Re-ID) is a technology that 
identifies and tracks a specific individual as the same person 
across a network of geographically distributed surveillance 
cameras with non-overlapping fields of view. 1) This 
technology has become an essential component in modern 
smart city initiatives, public safety, and law enforcement 
investigation support. 2) The basic process of person re-
identification involves extracting a feature vector (embedding) 
describing the person's physical characteristics, clothing, 
walking pattern, etc. from a query image, and then identifying 
the most similar individual from a vast collection of images 
stored in a gallery (database) based on distance metric learning 
[7]. 

1) Evolution of real-time object detection: The efficiency 

of a person re-identification (Re-ID) system depends heavily on 

the performance of the initial person detection model. In recent 

years, Ultralytics' YOLO series has played a leading role in 

achieving both speed and accuracy through the adoption of 

anchor-free design and decoupled heads [6]. However, previous 

models (from YOLOv8 to YOLOv12) required a post-

processing technique called "non-maximum suppression 

(NMS)" to eliminate overlapping bounding boxes. NMS is 

computationally expensive and causes latency instability in 

data transfer between the GPU and CPU. 

YOLO26, officially released in January 2026, introduces an 
NMS-free architecture to solve this problem. YOLO26 is 

designed so that the network itself outputs non-overlapping 
predictions, completely eliminating post-processing and 
improving inference speed in CPU environments by up to 43% 
compared to the previous YOLOv11. It also eliminates 
Distribution Focal Loss (DFL) and adopts a lightweight, 
hardware-friendly parameter design, enabling seamless 
deployment on edge devices [8]. 

2) Lightweight feature extraction with omni-scale network 

(OSNet): Real-time Re-ID systems require feature extractors 

that minimize computational resources while maintaining high 

classification accuracy. Omni-Scale Network (OSNet) meets 

this requirement by employing a multi-stream design to 

simultaneously learn features across multiple spatial scales. 

While traditional CNNs rely on fixed receptive fields, OSNet 

dynamically and adaptively fuses overall body shape (global 

features) with fine-scale clothing patterns (local features) 

through an "aggregation gate"[2]. 

OSNet is structurally extremely lightweight, and by 
utilizing factorized convolutions, it significantly reduces the 
number of parameters compared to standard backbones such as 
ResNet-50. In experiments using the MARS dataset, OSNet 
achieved mAP of 80.7%, demonstrating its performance 
surpassing that of the heavyweight ResNet-50 (mAP of 72.0%) 
[9]. 

3) Challenges in single-gallery settings and generative 

data augmentation: In recent years, the "single gallery setting" 

has attracted attention for performance evaluation on the 

Market-1501 dataset. In this setting, there is a strict constraint 

that each image must exist only once in the gallery, simulating 

real-world scenarios in surveillance systems (e.g., wanted lists). 

The biggest challenge here is "view bias", which makes it 

extremely difficult to identify the same person when the 

orientation of the person in the query and gallery is different 

[10]. 

An innovative approach to overcome this perspective bias 
is data augmentation using generative AI. Early attempts 
focused on using generative adversarial networks (GANs) such 
as CycleGAN to convert styles (lighting conditions and colors) 
between different cameras or to forcibly change the poses of 
existing human images. However, GAN-based methods suffer 
from problems such as instability in learning and unnaturalness 
(distortion) in generated images, and there is a risk that the 
generated images may actually add noise to the model [11]. 

Denoising diffusion models (DDMs) have rewritten this 
paradigm. Diffusion models employ a process of incrementally 
constructing a target image from random noise, which is far 
more stable than GANs and can generate extremely high-
resolution and diverse images. The use of diffusion models in 
person re-identification has evolved beyond simply improving 
image quality to embed an individual's "identity (ID)" into a 
latent space, allowing for the background and pose to be freely 
changed while preserving the ID [12]. 

The latest video generation model, Wan2.2, utilizes a 
Mixture-of-Experts (MoE) architecture to generate extremely 
high-resolution images. Using the "Image-to-Video (I2V)" 
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feature of Wan2.2, it is possible to generate pseudo-multi-view 
videos from a single frontal image, building a robust database 
that can respond to queries from any angle [1]. 

For low-resolution images taken from a distance, super-
resolution techniques such as the Hybrid Attention Transformer 
(HAT) are effective. HAT combines window-based self-
attention and channel attention to effectively restore details 
such as clothing texture. Research has shown that for extremely 
low-resolution images (32 × 32), a Re-ID model incorporating 
HAT significantly improves Rank-1 accuracy [13]. 

Quite recently, a method for person re-identification with 
2D-to-3D image (Image-to-Video) conversion was proposed 
and its performance was evaluated [14]. 

V.  PROPOSED METHOD AND EXPERIMENTS 

A. Dataset Preparation and Preprocessing 

To convert the Market-1501 dataset into a single-gallery 
setup, the preprocessing steps are applied, as described in 
Section Ⅲ, to the dataset. 

1) Front detection using MediaPipe: To select the "frontal" 

image that best captures the features from the gallery images 

for each ID, a pose estimation is performed using MediaPipe. 

An example is shown in Fig. 3. However, in the real-world 

dataset Market-1501, there are limitations to uniformly 

extracting "strictly frontal images" for all IDs due to the 

following reasons: Lack of variation within the gallery: Market-

1501 was extracted from surveillance camera footage, and in 

some cases, the gallery does not contain accurate frontal images 

for some IDs. 

 

Fig. 3. An example of automatically extracting the gallery closest to the 

front using MediaPipe. 

In such cases, MediaPipe's determination results will be 
limited to the image in the gallery that is "relatively closest to 
the front". Limitations of MediaPipe's estimation accuracy: 
When a person's resolution is low or when part of the body is 
occluded by a bag or other personal item, MediaPipe cannot 
accurately detect skeletal keypoints, resulting in incorrect 
orientation determination. Influence of background and pose: 
In images where a person is leaning forward or where the 
boundary between the person and the complex background is 
unclear, noise is introduced into the coordinate calculation, and 
it is observed that cases where the visual "front" did not 
necessarily match the calculated "front". 

2) Improving resolution with HAT: The video generation 

model Wan2.2 used in this research requires a specific 

resolution for input images. The image size of the Market-1501 

dataset is low, at 64 × 128 pixels. If used as input for Wan2.2, 

it would be difficult to generate high-quality videos that 

preserve human features, or the generation itself would be 

impossible due to the constraints of the model's minimum input 

resolution. To solve this issue, super-resolution processing was 

introduced using a Hybrid Attention Transformer (HAT), as a 

preprocessing step for gallery expansion using generative AI. 

Using the HAT, super-resolution is performed on the original 

64 × 128 pixel images, increasing the resolution by four times 

in both the vertical and horizontal directions, to 256 × 512 

pixels. An example is shown in Fig. 4. 

 

Fig. 4. Quadruple resolution (from 64x128 to 256x512). 

3) Multi-viewpoint extension using Wan2.2: Using the 

high-resolution frontal image generated by HAT as a reference, 

the video generation AI model Wan2.2 is applied  to generate 

images in which the viewpoint changes continuously, while 

maintaining the person's identity. For a single input frontal 

image, prompt control such as "the person rotates once on the 

spot” is performed. Wan2.2 is a model with excellent temporal 

consistency, and is capable of generating multi-viewpoint video 

while minimizing distortion of clothing texture and body shape 

that accompanies rotational movements. From the generated 

video sequence, frames are extracted corresponding to the four 

main viewpoints: front, back, left side, and right side, and added 

as new gallery data. An example is shown in Fig. 5. Fig. 5 is an 

example of a multi-viewpoint image generated from an image 

of Market-1501. It can be seen that the ID-specific features of 

the original image, such as "purple cardigan and white skirt" 

and "holding a chair", are highly maintained in the side and 

back views. 

 

Fig. 5. Extract of data expanded in Wan2.2. 

B. OSNet Rank Accuracy Evaluation 

In this section, the results of a comparative evaluation of 
Rank-n accuracy and mAP for OSNet is presented under the 
single-gallery setting and the AI-augmented gallery settings, 
using the dataset constructed in Section V-A. The experimental 
results are shown in Table I below. 
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TABLE. I. COMPARISON OF THE EFFECTS OF IMAGE AUGMENTATION AND 

THE NUMBER OF AUGMENTED IMAGES ON PERSON RE-IDENTIFICATION 

PERFORMANCE. 

Rank-

N 
single_gallery 

With data 

augmentation 

120 images 

With data 

augmentation 

20 images 

With data 

augmentation 

Front/back 

mAP 91.3% 78.2% 75.8% 82.3% 

Rank-

1 
87.3% 86.6% 83.7% 87.1% 

Rank-

5 
96.2% 89.8% 89.5% 95.5% 

Rank-

10 
97.3% 91.1% 91.8% 97.0% 

Rank-

20 
98.3% 92.2% 94.7% 98.3% 

In the single-gallery setting (without image augmentation), 
the highest performance with a Rank-1 accuracy of 87.3% and 
mAP of 91.3% is achieved. On the other hand, on datasets with 
AI-based image augmentation, a tendency for accuracy to 
decrease overall is observed. The main results are as follows: 

1) Augmenting 120 images: Rank-1 accuracy decreased 

slightly to 86.6%, but mAP dropped significantly to 78.2%. 

This is likely because noise and background distortion in the 

generated images affected the ranking of search results, making 

it difficult for relevant images to be concentrated at the top. 

2) Augmenting 20 images: Rank-1 accuracy dropped to 

83.7%, the lowest value in this experiment. With a small 

number of images, overfitting to specific generated patterns and 

a lack of diversity in the gallery likely contributed to the 

accuracy drop. Furthermore, mAP also recorded the lowest 

value at 75.8%, confirming that randomly augmenting a small 

number of images can actually reduce search accuracy. 

3) Augmenting images limited to front and back views: This 

showed the highest accuracy among the augmented settings, 

reaching 87.1% for Rank-1 and 98.3% for Rank-20, the same 

as the single-gallery setting. 

C. Quantitative Evaluation of Generated Images in 

Comparison with Original Data 

Fig. 6 shows a comparison between an original image and a 
generated image, as well as the SSIM map and LPIPS map that 
visualize the difference. SSIM evaluates image-level similarity 
from the perspectives of brightness, contrast, and structure, 
while LPIPS uses features from a deep learning model to 
evaluate similarity that is close to the "naturalness" perceived 
by humans. 

 

Fig. 6. Comparison of four viewpoints between the original image and the 

generated image. 

In the front view [Fig. 6(a)] and back view [Fig. 6(b)], the 
main contours of the body are displayed in blue in the SSIM 
map, confirming a high degree of structural consistency. The 
LPIPS response is also generally low (blue) in the back view, 
particularly, indicating that the generation AI can reliably 
reproduce the back structure of the person. On the other hand, 
in the left side view [Fig. 6(c)] and right-side view [Fig. 6(d)], 
both SSIM and LPIPS show strong red and yellow responses 
near the torso and the boundary with the background. 

This is thought to be due to the tendency for overlapping 
limbs and complex shading to occur in the side view, resulting 
in mismatches in detailed texture and subtle shape between the 
real image and the generated image. However, these errors are 
limited to minor pixel-level discrepancies, and semantic 
information such as the color tone of the clothing that makes up 
the person and the general silhouette is maintained. 

These evaluations quantitatively demonstrate that the image 
generation by Wan2.2 used in the method has high 
reproducibility in key viewpoints, such as the front and back, 
and ensures quality that can withstand gallery expansion for 
person re-identification. In particular, by generating images 
from a variety of angles, it becomes possible to build a robust 
learning model that is resistant to changes in camera viewpoint. 

D. Real-Time Performance Evaluation 

To evaluate the practicality of the proposed method, the 
inference speed in a real-time environment is measured using a 
4K web camera. Fig. 7 shows the system configuration diagram 
of the architecture used in the experiment. 

 

Fig. 7. System configuration diagram. 

This system consists of two main phases: 1) the registration 
phase and 2) the inference phase. In the registration phase, 
image augmentation using generative AI is performed on the 
target person captured in the camera footage. This process 
accounts for variations in viewing angle and lighting conditions, 
improving robustness. The extracted feature vectors are 
indexed using Faiss (Facebook AI Similarity Search) [15] and 
stored in a database (pkl file) along with associated identity 
information. 

In the inference phase, YOLO26 is used to detect the 
bounding box of the person in each frame. The detected region 
is aspect-ratio normalized, resized, and then passed to OSNet to 
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be converted into a 512-dimensional feature vector. Faiss then 
performs a fast nearest-neighbor search based on the L2 
(Euclidean) distance. If the resulting distance is below a 
predefined threshold, the system identifies the person as a 
match. Finally, the determined identity is overlaid on the 
bounding box for real-time tracking. 

1) Experimental environment: In this experiment, video 

input with a resolution of 3840 x 2160 (4K) was used. The 

computational complexity of the models used was 3.31 

GFLOPs for the person detection model (YOLO26) and 1.01 

GFLOPs for the feature extraction model (OSNet). Three 

evaluation environments were compared: CPU inference, GPU 

inference (PyTorch), and optimized inference using TensorRT. 

2) Measurement results: Table II shows the results of the 

real-time performance evaluation experiment. 

TABLE. II. REAL-TIME PERFORMANCE EVALUATION EXPERIMENT 

Environmen

t 

Average 

FPS 

Average Latency 

(ms) 

p95 Latency 

(ms) 

GPU 7.15 135.81 187.9 

TensorRT 7.2 135.31 186 

CPU 4.47 219.68 280.73 

Measurement results showed that using a GPU and 
TensorRT significantly accelerated inference compared to CPU 
inference. The average FPS improved by approximately 1.6x, 
from 4.47 on the CPU to 7.20 on TensorRT, and the average 
latency was reduced by approximately 84ms (approximately 
38%). 

VI. REMARKS 

A. Consideration of Rank Accuracy When Image 

Augmentation is Performed on Market-1501 

In the case of 120 image augmentation, although the overall 
average accuracy decreased slightly due to the influence of 
some noise and over-learning, a clear improvement in rank 
accuracy was confirmed for 75 of all IDs. This suggests that the 
complementation by the generation AI was effective for IDs 
under certain difficult conditions. Fig. 8 shows representative 
examples of accuracy improvement (ID: 745, ID: 1444). 

 

 

Fig. 8. Case example where image enhancement improved the situation. 

In the example ID: 745, the query image captures a person 
from behind. A conventional model using only a single data 
augmentation method incorrectly identified a different person 
(ID: 523) based on similar visual information from behind. 
However, the proposed method correctly identified the same 
person despite significantly different orientations and postures. 

Significant improvement is also observed in the example 
ID: 1444. The query image was a frontal shot, but due to the 
effects of resolution and lighting conditions, it was likely 
misidentified as a different person (ID:1087) who shared a 
common feature: a white T-shirt with black print. However, by 
using generative AI to supplement various angles and walking 
motions, the model more robustly learned the "fine shape of the 
print" and "the person's unique physical features", leading to the 
identification of the same person. 

These examples demonstrate that data augmentation using 
generative AI not only secures data volume, but also contributes 
to overcoming difficult patterns in re-identification by 
supplementing "variations in viewpoint and posture" that 
conventional augmentation methods cannot cover. 

B. Real-Time Performance Considerations 

Experimental results showed that TensorRT optimization 
not only improved average FPS (from 7.15 to 7.20) but also 
achieved the lowest P95 latency of 186.00 ms. This suggests 
that TensorRT's kernel optimization reduces execution time 
variance, enabling more stable real-time processing, even when 
processing high-intensity data such as 4K video (see Table III). 

This system maintains a wide 4K field of view to ensure 
accurate detection of distant people, while matching them with 
a feature database (Faiss) expanded by generative AI. The 
results show a processing speed of approximately 135 ms per 
frame. Considering the average human walking speed 
(approximately 1.4 m/s), the movement distance between 
frames in a 7 fps environment is approximately 20 cm, which is 
sufficient for maintaining the temporal continuity required for 
person tracking and re-identification. Furthermore, given that 
this research focused on 4K video and processed four times as 
many pixels as in a Full HD environment, it is believed these 
results meet practical standards for high-resolution surveillance. 
On the other hand, there is a possibility that even higher speeds 
will be required in high-speed moving environments, including 
station ticket gates and pedestrians. 

TABLE. III. REAL-TIME PERFORMANCE EXPERIMENT RESULTS 

Environmen

t 

Average 

FPS 

Average Latency 

(ms) 

p95 Latency 

(ms) 

GPU 7.15 135.81 187.9 

TensorRT 7.2 135.31 186 

On the other hand, while Wan2.2, used in the registration 
phase, has higher expressive power than conventional diffusion 
models, it requires a significant amount of inference time to 
generate high-quality images. In particular, the process of 
changing poses and backgrounds while maintaining a person's 
identity is computationally intensive. In this experiment, there 
were cases where generation took more than five minutes per 
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ID. For practical use, it is believed that improving the 
generation speed of image generation AI is essential. 

VII. CONCLUSION 

In this study, the fundamental limitation of single-gallery 
person re-identification is addressed by introducing a 
generative AI-based viewpoint completion approach. Unlike 
conventional methods that rely on limited observed data, the 
method virtually reconstructs unobserved viewpoints, 
effectively eliminating the viewing angle gap. Experimental 
results demonstrated that this approach significantly improves 
identification accuracy, particularly for back and side views, 
reducing misidentification among visually similar individuals. 
These findings reveal that generative AI can function not 
merely as a data augmentation tool, but as a mechanism for 
"virtual viewpoint completion". Furthermore, it is showed that 
this approach can be integrated into a real-time system 
operating on 4K video, demonstrating its feasibility for 
practical deployment. This work redefines single-gallery re-
identification as a generative completion problem rather than a 
data scarcity issue, providing a new direction for both research 
and real-world applications such as smart city surveillance. 

FUTURE WORKS 

This research demonstrated the effectiveness of data 
augmentation using generative AI and the feasibility of real-
time systems. However, the following challenges remain. 

1) Improving noise in generated images and identity 

preservation: The overall average accuracy of AI-based image 

augmentation did not exceed that of a single-gallery setup. This 

is likely due to texture inconsistencies in complex poses such 

as side views, and noise generated during the generation 

process, which adversely affected learning. Future work will 

require the introduction of filtering methods that more strictly 

ensure identity consistency. 

2) Accelerating the registration phase: While real-time 

performance was achieved in the inference phase, image 

generation using Wan2.2 sometimes took more than five 

minutes per ID, posing challenges for on-site registration tasks 

that require immediacy. Lightweighting of generative models 

and the development of high-speed generation methods using 

distillation techniques are needed. 

3) Verification of robustness in diverse environments: This 

research was primarily based on Market-1501 and an original 

indoor dataset. Future applications will require verification of 

accuracy and stability in more challenging real-world 

environments, such as nighttime, rainy weather, or extremely 

crowded environments. 
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