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Abstract

Media facade-based projection mapping requires precise alignment between architectural structures and 

projected imagery, yet outdoor environments often demand repeated manual calibration due to external 

factors. To address this limitation, reliable recognition of architectural structural components must be 

established in advance. As a foundational step toward automated projection mapping, this study 

quantitatively evaluates object detection performance for structural components in traditional Korean 

architectural images. A YOLOv8 model was trained separately on Unreal Engine-based synthetic images and 

real-world images, and detection performance was compared across six architectural components. The results 

indicate that the synthetic data-based model performs adequately for components with clear global shapes 

but shows limitations for those relying on fine patterns or surface textures, whereas the real-world 

image-based model demonstrates improved overall performance by capturing diverse visual cues. By 

revealing component-specific detection characteristics and data-dependent performance gaps, this comparative 

analysis provides practical guidance for selecting training data strategies and designing structure-aware 

alignment modules in automated projection mapping pipelines. These findings provide a technical basis for 

incorporating structural recognition into automated projection mapping systems.

Keyword : Computer Vision, Projection Mapping, YOLOv8, Synthetic Data, Architectural Object 

Detection

1. Introduction

A media facade refers to a technology that projects digital imagery onto building exteriors, 
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transforming static urban surfaces into dynamic public screens and expanding urban space into a 

large-scale visual medium [1]. Owing to these characteristics, media facades have been increasingly 

adopted in advertising, public art, and performance production. In South Korea, they have steadily 

expanded around major landmarks such as Gwanghwamun, the Sejong Center for the Performing Arts, 

and Dongdaemun Design Plaza (DDP) [2]. In addition, media facades have been actively introduced to 

traditional architectural sites, including Gyeongbokgung Palace, Seokjojeon Hall of Deoksugung Palace, 

and Changgyeonggung Palace. This trend reinforces their cultural and artistic significance by enabling 

contemporary reinterpretations of cultural heritage and extending visitor experiences [3].

Projection mapping, as the core technology underlying media facades, involves the precise alignment 

of digital content with the boundaries of physical structures such as buildings [4]. However, projection 

mapping in outdoor environments is affected by various external factors, including projector 

displacement, illumination conditions, and weather variations. These factors reduce projection accuracy 

and impose structural limitations that require repeated manual calibration. To address these issues, 

approaches such as camera-based feedback, marker-based alignment, and projection error correction 

algorithms have been proposed. Nevertheless, fully automating projection mapping under complex 

environmental variations remains challenging [5][6].

Stable automation of projection mapping requires a prior capability to reliably recognize the structural 

components of target buildings. Architectural structures directly influence the separation of projection 

regions and the alignment process. Recognition at the level of structural components therefore constitutes 

foundational information for an automated correction pipeline. Modern architecture presents difficulties in 

this regard because of its high degree of formal freedom and design diversity, which complicates the 

construction of generalized recognition models for structural patterns [7][8]. In contrast, traditional 

Korean public architecture exhibits characteristic regularity, with structural units such as columns, 

windows, and eaves arranged in repetitive and rule-based configurations. This property provides a 

comparatively favorable environment for evaluating structure-based recognition techniques.

To address this issue, this study conducts automatic detection of major structural components in 

traditional Korean architectural images and quantitatively analyzes the results by comparing synthetic and 

real-world images. Object detection models were trained using 3D rendering-based synthetic images and 

real-world images captured from real-world heritage sites, and detection performance differences between 

the two data types were evaluated. By examining the potential and limitations of recognizing traditional 

architectural structures, this study presents a starting point for structure-aware research toward future 

automation of projection mapping systems.
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2. Theoretical Background

2.1 Projection Mapping and Structural Alignment

Projection mapping is a technique that aligns digital content with structures in three-dimensional space 

and projects imagery along the contours of a target object [9]. Previous studies on projection mapping 

have primarily proposed calibration methods that align projector and camera coordinate systems based on 

geometric structural information, such as the position, shape, and surface boundaries of the projection 

target. These methods perform projection coordinate transformations derived from this alignment. By 

treating structural information as a prerequisite for projection alignment and optical calibration, such 

approaches aim to minimize distortion on non-planar or complex surfaces and to ensure stable projection 

quality [10].

Projection mapping in outdoor and architectural environments requires precise geometric alignment for 

non-planar and complex structural surfaces. Maintaining stable projection quality is difficult because of 

various environmental factors, including illumination changes, shadow formation, defocus, and projection 

latency. Prior studies have sought to mitigate these issues through geometric alignment, photometric 

compensation, defocus correction, and shadow removal techniques. Nevertheless, complete automation and 

real-time deployment remain limited because of environmental uncertainty and hardware constraints in 

outdoor settings [11]. Accordingly, recent research has explored self-calibrating projection mapping 

frameworks that employ structured light and camera feedback to automatically estimate geometric 

parameters and to reduce reliance on static configurations [6][12].

2.2 Computer Vision-Based Architectural Structure Recognition

Research on computer vision-based architectural structure recognition has progressed toward 

automatically separating and identifying facade elements or structural components from images. Recent 

studies have applied deep learning-based segmentation techniques to recognize repetitive and regular 

architectural elements such as windows, doors, and walls. In particular, it has been reported that 

incorporating prior knowledge of the morphological regularity and proportional relationships of 

architectural components can contribute to improved recognition performance. These approaches focus on 

extracting structural information from architectural images through object detection and segmentation, and 

they have been extended to a range of architectural and urban research fields, including urban 
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environment analysis, building condition assessment, and spatial reconstruction [7][13].

However, architectural form varies substantially depending on building type and style. In freely 

composed and irregular facade structures, the lack of traditional normalized patterns introduces additional 

difficulties in defining and recognizing boundaries between components. For example, the facades of 

irregular modern buildings have been reported to increase the complexity of applying conventional 

segmentation techniques [8].

2.3 Synthetic Data in Vision-Based Recognition

Synthetic data generated using 3D models can reduce the cost and constraints associated with 

real-world data acquisition. Such data also enable precise control over viewpoint, illumination, and layout 

conditions. For these reasons, their use has expanded across computer vision research. Synthetic images 

allow automatic labeling and have been proposed as an alternative training data source to address 

difficulties in obtaining repeated data under specific conditions [14]. Recently, virtual environments based 

on game engines such as Unreal Engine have been adopted as research platforms for synthetic data 

generation and simulation. These environments have been reported to support the training and validation 

of computer vision algorithms [15].

However, synthetic data have limitations in fully reproducing visual variations observed in real 

environments, including illumination changes, noise, and material properties. As a result, discrepancies in 

data distributions can arise when compared with real-world data. This difference is commonly described 

as the domain gap. Numerous studies have consistently reported that models trained solely on synthetic 

data may exhibit degraded performance when applied to real-world data [16].

3. Methodology

This study was conducted to construct an object detection model for automatically detecting structural 

components of traditional architecture and to compare performance differences between Unreal 

Engine-based synthetic images and real-world image-based datasets. The synthetic dataset was constructed 

as shown in [Fig. 1] using high-resolution 3D digital heritage models provided by the Korea Heritage 

Service [17].

These 3D digital models accurately represent the forms of actual cultural heritage assets. They were 

imported into the Unreal Engine 5.4.4 environment, where frontal images were rendered from identical 

camera viewpoints under two conditions, daytime and evening. A total of 60 synthetic images were 
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generated using 10 architectural models, including Gangnyeongjeon, Geonchunmun, Gwanghwamun, 

Gyeonghoeru, Gyotaejeon, Hamhwadang, Heungbokjeon, Heungryemun, Hyangwonjeong, Jagyeongjeon, 

and Unhyeongung. The rendered PNG files, created using the High Resolution Screenshot function in 

Unreal Engine, were converted to JPEG format with a quality setting of 90% using Python to ensure 

consistency in post-processing.

[Fig. 1] Synthetic Images Generated from Traditional Architectural 3D Models Provided by the Korea Heritage Service

The real-world dataset consisted of 58 images selected from publicly available resources on the 

National Heritage Portal, focusing on images in which the frontal structure of buildings could be clearly 

identified [18]. To minimize bias caused by differences in composition and perspective when compared 

with the synthetic images, the selected images were constrained to views as close to frontal as possible.

Both datasets were annotated according to an identical definition of structural components. The labeled 

categories included Roof, Pyeonaek, Column, Gate, Door, and Changho. All bounding boxes were 

manually annotated by the researcher using the LabelImg tool.

For object detection, YOLOv8 was employed, which is based on the latest anchor-free architecture in 

the YOLO family. The synthetic image dataset and the real-world image dataset were trained 

independently. Identical training conditions were applied to ensure a fair comparison. The main 

parameters included 100 epochs, a batch size of 4, and an input image size of 640. Model performance 

was evaluated using 30 real-world test images that were not included in training. Evaluation metrics 

included True Positive (TP), False Positive (FP), and False Negative (FN), as well as Precision, defined 

as the proportion of correctly detected objects among predicted objects, and Recall, defined as the 

proportion of correctly detected objects among existing ground-truth objects [19].

The performance comparison between the two models was conducted by directly contrasting the 
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metrics obtained under the same evaluation procedure. This comparison was intended to provide a 

quantitative basis for examining performance differences between the synthetic dataset-based model and 

the real-world dataset-based model.

4. Results

This study compares and analyzes the object detection performance of two YOLOv8 models trained 

separately on a synthetic image dataset and a real-world image dataset. Both models were evaluated 

using the same set of 30 test images. Precision, Recall, and F1-score were calculated based on 

class-wise True Positive (TP), False Positive (FP), and False Negative (FN) values.

4.1 Performance of the Synthetic Image-Based Model

The performance results of the YOLOv8 model trained on synthetic images are presented in [Table 

1]. The overall performance metrics were Precision 0.6517, Recall 0.3500, and F1-score 0.456. Precision 

was relatively maintained, whereas Recall showed a substantial decline. This result indicates that the 

model made comparatively accurate predictions for detected objects but failed to detect a large number 

of existing objects.

  [Table 1] Detection Performance of the YOLOv8 Model Trained on Synthetic Images

Class #GT #Detected TP FP FN Precision Recall

Roof 44 54 39 15 5 0.7222 0.8864

Pyeonaek 18 0 0 0 18 - 0

Column 163 72 65 7 98 0.9027 0.3988

Gate 7 4 1 3 6 0.25 0.1429

Door 27 45 9 36 18 0.2 0.3333

Changho 66 0 0 0 66 - 0

Total 325 175 114 61 211 0.6517 0.35

In the class-wise analysis, Roof achieved relatively high performance, with a Precision of 0.7222, a 

Recall of 0.8864, and an F1-score of 0.796. This outcome can be attributed to the large area and 

clearly defined geometric boundaries of roof structures.

Conversely, Gate and Door showed low Precision values of 0.25 and 0.20, respectively. Their Recall 

values also remained limited at 0.1429 and 0.3333. In the case of Door, both open and closed states 

were present, and this variation produced substantial changes in visual patterns despite representing the 
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same structural component. As a result, detection performance decreased for components that rely heavily 

on internal pattern information. Gate also exhibited limited performance. Although its arched shape is a 

distinctive geometric feature, the visual context within bounding boxes varied considerably depending on 

whether the structure was open or closed.

Column recorded a high Precision of 0.9027, but Recall decreased to 0.3988 because of a large 

number of false negatives. This result suggests that repetitive arrangements and perspective variations 

caused some columns to visually merge with background structures.

Pyeonaek and Changho did not produce any correct detections, resulting in a Recall of 0. In 

particular, Changho, which consists of thin and repetitive line patterns, showed markedly low detection 

performance because object boundaries were not clearly distinguishable.

4.2 Performance of the Real-World Image-Based Model

The performance results of the YOLOv8 model trained on real-world images are summarized in 

[Table 2]. The overall Precision was 0.8033, Recall was 0.5971, and F1-score was 0.6874. Compared 

with the synthetic image-based model, both Recall and F1-score showed overall improvement. This 

outcome indicates that training with real-world visual diversity contributed to expanding the detection 

range of the model.

  [Table 2] Detection Performance of the YOLOv8 Model Trained on Real-World Images

Class #GT #Detected TP FP FN Precision Recall

Roof 44 54 38 16 6 0.7037 0.8636

Pyeonaek 18 10 9 1 9 0.9000 0.5000

Column 163 95 83 12 80 0.8737 0.508

Gate 7 7 7 0 0 1.0 1.0

Door 27 13 12 1 15 0.9231 0.4444

Changho 66 61 45 16 21 0.7377 0.682

Total 325 240 194 46 131 0.8033 0.5971

Roof maintained similar performance to the synthetic-based model, with a Precision of 0.7037, a 

Recall of 0.8636, and an F1-score of 0.7769. This result suggests that the global shape and clear 

structural boundaries of roofs remain stable features in real-world images. Gate achieved Precision and 

Recall values of 1.0, indicating that all ground-truth objects were correctly detected. This finding 

confirms that the arched structural characteristic was consistently captured under real-world conditions. 
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Changho also demonstrated balanced detection performance, with a Precision of 0.7377, a Recall of 

0.682, and an F1-score of 0.709.

In contrast, Column maintained a high Precision of 0.8737, but Recall was limited to 0.508 because 

80 false negatives were observed. This result can be attributed to illumination changes, shadow effects, 

partial occlusion, and visual interference from background structures in real environments, which 

obscured the boundaries of repetitive column structures. Door also showed a low Recall of 0.4444 

despite a high Precision of 0.9231. This tendency appears to stem from visual variations caused by 

opening and closing states, as well as differences in material and color across individual doors. 

Pyeonaek exhibited some improvement compared with the synthetic dataset, yet Recall remained at 0.5 

even in the real-world model. This result suggests that Pyeonaek remains a challenging class because of 

variability in typography, materials, proportions, and additional factors such as lighting conditions and 

surface aging in real environments.

4.3 Comparison between Synthetic Image-Based and Real-World Image-Based Models

A comparison between the synthetic image-based model and the real-world image-based model shows 

that the two models exhibited similar trends in terms of Precision, whereas clear differences were 

observed in Recall and F1-score. The synthetic image-based model achieved a Precision of 0.6517, a 

Recall of 0.3500, and an F1-score of 0.456. In contrast, the real-world image-based model recorded a 

Precision of 0.8033, a Recall of 0.5971, and an F1-score of 0.6874, indicating an overall improvement 

in detection performance.

In particular, the real-world model demonstrated reduced false negatives across multiple classes, 

resulting in higher Recall values. This outcome suggests that training with data reflecting real-world 

visual characteristics contributes to expanding the range of detectable objects.

5. Discussion

This study confirms that differences in visual characteristics between synthetic images captured from 

3D models in Unreal Engine and real-world images have a meaningful impact on the object detection 

performance of YOLOv8. Across the overall metrics, the real-world image-based model achieved higher 

Recall and F1-score than the synthetic image-based model. This improvement can be interpreted as the 

result of incorporating diverse visual cues present in real environments, including surface textures, 

illumination variations, and signs of material aging. In contrast, the synthetic image-based model 
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exhibited cases in which detection did not occur for certain classes or false negatives increased 

substantially. These results indicate limitations for structural components that cannot be sufficiently 

represented by shape information alone.

At the class level, Roof showed relatively high performance in both models. Because Roof occupies a 

large area and presents a clear global shape, it tended to be learned and detected in a stable manner 

even under conditions with limited texture or fine surface cues. In contrast, Gate experienced a 

pronounced performance degradation in the synthetic image-based model despite its distinctive arched 

geometry. This is likely because the visual context inside the bounding box varies significantly 

depending on whether the gate is open or closed. Even when the same arched boundary is present, 

changes in the internal background, such as passageways, walls, or shadows, hinder consistent feature 

learning. The perfect detection of Gate in the real-world image-based model suggests that environmental 

visual cues commonly accompanying arched structures in real scenes, including lighting, shadows, and 

spatial depth, may function as effective contextual information for identifying the presence of this object.

Door also exhibited high detection difficulty in both models. Substantial variation in internal patterns 

caused by opening and closing states, combined with differences in surrounding decoration, materials, 

and colors, contributed to this tendency. In the real-world image-based model, high Precision 

accompanied by low Recall indicates that the model detected only a limited subset of highly confident 

cases, leaving a considerable number of false negatives. For Column, the repetitive arrangement led to 

frequent overlap between adjacent objects, while perspective changes altered column width and contrast. 

These factors increased missed detections.

Changho and Pyeonaek represent classes with particularly low detection performance in the synthetic 

image-based model. Changho consists of thin, repetitive line patterns. In Unreal Engine renderings, 

anti-aliasing and resolution or sampling characteristics can cause such line structures to fragment or 

merge at the pixel level, resulting in unstable pattern cues. In real-world images, however, naturally 

occurring factors such as shadows, dust, wear, and uneven illumination may instead emphasize 

boundaries, leading to improved performance. Pyeonaek shows substantial variation in typography, 

proportions, and materials. In Unreal Engine captures, fine surface details such as engraved or embossed 

characters, wood grain, and paint diffusion tend to be simplified. As a result, edge and texture cues 

required by the model may not be sufficiently provided. This limitation likely contributed to frequent 

detection failures in the synthetic dataset and to the still limited Recall observed in the real-world 

dataset.

In summary, synthetic data enabled a certain level of detection performance for structural components 
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dominated by clear global shape information, such as Roof. However, it showed limitations for 

components influenced by state changes, fine repetitive patterns such as Changho, or surface texture and 

textual information such as Pyeonaek. These findings suggest that synthetic data-based training can be 

effective for learning structural form, but additional consideration of diverse real-world visual conditions 

is necessary for practical deployment.

6. Conclusion

This study automatically detected six structural components in frontal images of traditional Korean 

architecture and compared the object detection performance of YOLOv8 models trained on Unreal 

Engine-based synthetic images and real-world images. Quantitative evaluation using the same test images 

confirmed that the visual characteristics of the training data directly influence detection performance.

The experimental results show that the synthetic image-based model achieved a certain level of 

performance for structural components with clear global shape information, such as Roof. However, 

detection performance was substantially limited for components affected by open-closed state variations, 

fine repetitive patterns such as Changho, or surface texture and textual information such as Pyeonaek. In 

contrast, the real-world image-based model learned diverse visual cues present in real-world environments 

environments, including illumination, shadows, and traces of aging. As a result, overall Recall and 

F1-score improved, and the presence of structural components was recognized more consistently.

These findings indicate that automatic recognition of structural components in traditional architecture 

depends not only on geometric form but also on visual context formed in real environments. Differences 

in detection characteristics across components further demonstrate that projection region segmentation and 

structure-based alignment required for projection mapping cannot be handled uniformly. 

Component-specific visual conditions must therefore be considered.

By quantitatively analyzing object detection performance for structural components in frontal images of 

traditional architecture, this study serves as a foundational validation step toward the automation of 

projection mapping systems. Through comparative analysis of detection feasibility and limitations across 

components, the study clarifies the visual requirements and technical constraints associated with 

projection region segmentation and structure-based alignment. The results can inform subsequent work on 

enhanced structure recognition using camera feedback, projection error correction, and automated 

projection mapping pipelines that incorporate structure-level content alignment.

Future research will address the identified limitations by expanding the range of target buildings and 
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increasing sample size, while strengthening data composition to include environmental variations such as 

illumination, distance, viewing angle, and occlusion. In addition, learning strategies that combine 

synthetic and real-world data will be explored to improve robustness against domain differences. The 

study will further extend toward a projection mapping system that integrates automatic correction 

mechanisms informed by component-specific error patterns. Through these steps, future work will 

systematically evaluate the reliability of image-based structural recognition for projection region 

segmentation and alignment, as well as methods for mitigating recognition errors in real projection 

environments.
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