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Abstract


Historical buildings have important historical and social value, but they are generally difficult to identify, complicated to evaluate, and insufficiently addressed in digitization research. On 25 July 2021, Quanzhou successfully applied for World Heritage status. In this case study, Qiaonan Village in the Quanzhou World Heritage Area is selected, and a deep learning algorithm is proposed for the identification, evaluation, and digitization of historical buildings. By comparing multiple models, the optimal model is selected for intelligent identification and classification of building elevations. Combined with GIS, a distribution map of the village buildings is created for digitization research. An intelligent monitoring platform is built to enable dynamic monitoring and hierarchical protection of the buildings, aiding in the protection of historical structures and the sustainable development of the tourism industry. In the future, we will continue to optimize the integration of YOLO and GIS and explore a more universal model for the intelligent protection of historical buildings.
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1. Introduction


Quanzhou, located on the southeastern coast of Fujian Province, is an important port city in China and was a hub of world trade and cultural exchange during the Song and Yuan dynasties. Economic prosperity promoted the fusion of Chinese and foreign cultures, shaping Quanzhou’s unique architectural style and leaving behind a rich cultural heritage for China.



On 25 July 2021, Quanzhou was successfully nominated as a World Heritage Site [1]. The Quanzhou heritage consists of 22 representative monuments, sites, and their surrounding environments. Luoyang Bridge, one of the listed monuments, is the oldest surviving beam-type stone bridge across the sea in China and is a national key cultural relics protection unit [2].



Located at the mouth of the Luoyang River, Qiaonan Village forms a symbiotic relationship with Luoyang Bridge. Within the village, many ancient Minnan Gu-Cuo and ancestral temples have been preserved. Some of the buildings combine traditional Minnan architecture with Western architectural elements, forming a unique East-meets-West style that constitutes an important part of China’s cultural heritage.



In the process of digitizing historical buildings in Qiaonan Village (hereinafter referred to as Qiaonan Village) in the Quanzhou World Heritage Area, several problems were encountered:




	
Since the reform and opening up in 1978, China’s urbanization has developed rapidly, and many villagers in Qiaonan Village have moved to towns for employment or settlement. A large number of new residential buildings have been constructed in the village, disconnecting it from its traditional architectural culture [3,4,5]. The phenomenon of “empty nesting” of historical buildings is serious, causing some historical buildings to fall into disrepair, suffer elevation damage, or even become dangerous. Some historical buildings are used as chicken or duck houses, which is highly detrimental to their preservation [3,4,5].



	
Qiaonan Village has a long history and rich culture. However, over time, due to natural changes and the lack of systematic planning and management, the village’s current layout has become chaotic, with new and historical buildings intermingled. This disorganized arrangement hinders the protection and unified management of historical buildings [3].



	
The absence of a building dataset necessitates the collection of information on village structures. However, because the buildings are closely spaced and the village paths are winding and narrow, it is difficult to scan building elevations effectively. This also poses potential fire safety risks.








Artificial intelligence has undergone one of the greatest transformations in recent years, and its ability to categorize and make decisions has, in some cases, surpassed that of humans. Deep learning algorithms have been shown to outperform earlier machine learning techniques in several areas [6]. Although deep learning algorithms are widely used in many fields, their application in the preservation of historic buildings has lagged behind [7,8].



The aim of this paper is to digitize historical buildings in Qiaonan Village through deep learning algorithms, exploring a more efficient and accurate method of classifying and archiving historical buildings, and to realize the identification, evaluation, and digitization of these structures.



The categorization of architectural styles in Chinese traditional settlements (CTSs) is crucial for the development and conservation of traditional villages. Categorizing the architectural styles of Qiaonan Village will aid in the conservation and management of historical buildings, promote local development and tourism, and help preserve local architectural characteristics [8].



The evolution of building types depends on the social, economic, political, and religious conditions of each region, and is also influenced by building materials and climate [9]. Visual inspection is a simple and trustworthy method for categorizing building elevations, but it is subjective and inefficient. Therefore, there is a need to explore effective image processing methods to improve the efficiency of building elevation classification and archiving [10].



Currently, deep learning-based object detection algorithms are mainly divided into two types: region-based two-stage detection algorithms and regression-based single-stage detection algorithms [11]. The main representatives of two-stage detection algorithms are the R-CNN series (R-CNN, Fast R-CNN, and Faster R-CNN), which generate region proposal networks (RPNs) for candidate regions and then perform fine classification and bounding box regression [12]. The main representative of single-stage detection algorithms is the YOLO (You Only Look Once) series, which directly performs dense prediction, completing target classification and localization in a single step, thereby improving detection speed [4].



YOLO (You Only Look Once) is a widely recognized object detection and image segmentation model, known for its efficiency, accuracy, and real-time performance capabilities [13]. Over the years, the YOLO series has undergone continuous iterations, resulting in substantial improvements in both accuracy and inference speed through the introduction of novel architectural modules and optimization techniques [14].



The latest version, YOLOv11, incorporates several advanced modules that enhance its ability to detect fine-grained and occluded targets in complex environments. These include the C3K2 module (Cross Stage Partial with kernel size 2), SPPF (Fast Spatial Pyramid Pooling), and C2PSA (Convolutional Spatial Attention Mechanism) [15]. These components improve multi-scale feature extraction and spatial attention, enabling the model to localize small or partially occluded objects with greater precision.



Compared to its predecessors, YOLOv11 achieves higher detection accuracy and faster inference speed while maintaining efficient parameter usage. This is particularly valuable for historical building analysis, where elevations often contain intricate decorative elements, small architectural features (e.g., window frames, cornices), and partial occlusions from vegetation or neighboring structures. YOLOv11’s enhanced attention mechanism and multi-scale fusion capabilities make it highly effective for accurately detecting and classifying these architectural details, making it an ideal model for historic building elevation recognition tasks [15].



The application of deep learning algorithms has become a significant area of innovation in historic building preservation. For example, Wei et al. (2023) improved BFD-YOLO, based on YOLOv7, for building elevation defect detection, addressing YOLO’s challenges in complex backgrounds and small target detection, and significantly improving detection accuracy [10]. Deep learning algorithms are also used for architectural style classification: R-CNN is suitable for identifying national affiliations of historical buildings through region proposals and CNN feature extraction, while YOLO excels at recognizing structural components through grid-based object localization [7,16].



Siountri et al. (2023) proposed a deep learning method based on YOLO for the automated classification and archiving of historical buildings in Athens [9]. Abraham et al. (2017) introduced sparse features and trained a CNN to recognize the architectural styles of Mexican buildings [17]. Han et al. (2022) applied transfer learning (TL) and AutoAugment techniques to CNNs for the classification of Chinese traditional settlement styles [8,18]. Li et al. (2024) used an improved Faster R-CNN to recognize nine types of riding styles [19]. Nils et al. (2021) used Mask R-CNN for window detection from elevation images [20]. Llamas et al. (2017) demonstrated CNN’s effectiveness by creating the AHE_Dataset with 10 classes of architectural elements [21]. Jia Liu (2023) combined Vision Transformer and CNN to propose the CViT method for chronological style recognition [22]. Gao et al. (2023) applied an improved YOLOv8 model for detecting and preserving traditional gardens in Jiangnan [23]. Qiu et al. (2024) used an improved YOLOv8 model for roof damage detection in Fujian’s traditional village buildings [4]. Although previous versions of YOLO have been applied to historic building conservation with promising results, the latest iteration—YOLOv11—has not yet been widely explored in this field. Therefore, this study investigates the application of YOLOv11 and evaluates its feasibility for the digitalization and intelligent classification of historic buildings.



Although these AI-based explorations lay a foundation for this study, related research remains mostly experimental, and there is a lack of post-identification conservation and management studies. Historic buildings are facing severe challenges, including rapid disappearance due to natural and human factors [24], and the high costs associated with maintenance and management. In the preservation field, there is increasing demand for documentation and visualization of historic buildings [25].



This paper focuses on applying deep learning algorithms to the digitalization of historic buildings, achieving intelligent recognition and classification, and establishing a database to support hierarchical protection and management.



Geographic Information System (GIS) is a critical tool in spatial analysis, widely applied in planning, environmental protection, shoreline zoning, public health improvement, and building distribution analysis [26,27]. GIS has also been employed internationally in historic building conservation research [28,29,30]. For instance, Noardo et al. (2015) integrated PostgreSQL, PostGIS, and QGIS for building information management and spatial data visualization [30,31].



Combining GIS with multi-source data and spatial analysis can significantly enhance the efficiency of historic building preservation. Amorim et al. (2013) applied GIS with panoramic spherical photogrammetry (PSP) to improve data collection accuracy in historic buildings in Bahia, Brazil [24,32]. Recently, 3D-GIS has been used in urban modeling and analysis, such as in Almeida et al. (2016)’s project to tackle urban decay in Portugal through a 3D city model integrating spatial analysis and BIM [33]. Braik et al. (2024) combined satellite imagery, GIS, and CNN models for post-disaster building damage assessment using the XBD dataset [34].



However, most studies focus on macroscopic architectural applications [34,35]. Micro-level applications of GIS to individual historic buildings are still limited. Therefore, this paper explores the detailed application of GIS for protecting historic buildings by building an intelligent detection platform that integrates GIS and deep learning.



Intelligent monitoring platforms have become essential tools in urban and heritage management, integrating diverse measurement technologies, sensor systems, and numerical modeling platforms—such as Historical Building Information Modeling (HBIM)—to support data-driven conservation efforts. In recent years, the integration of 3D models and 2D datasets for the conservation and management of historic buildings has emerged as a significant trend.



Building on the principles of Building Information Modeling (BIM), Murphy et al. (2009) introduced the concept of HBIM as a framework for deriving engineering drawings and 3D models from laser scanning and image-based surveys, enabling the systematic collection, storage, modeling, and interpretation of historic building data in Europe [36,37,38].



Further advancing this field, Dabrowski et al. (2025) proposed a novel approach for symmetry assessment within HBIM datasets by combining terrestrial laser scanning (TLS) and unmanned aerial vehicle (UAV)-based LiDAR (ALS) technologies. Using the Gediminas Tower in Vilnius, Lithuania, as a case study, they demonstrated the feasibility of assessing architectural symmetry through integrated 3D measurement techniques [38].



In addition, photogrammetry has become a standard method for acquiring 3D data, with recent technological advances improving both the speed and precision of point cloud generation. Laser scanning, in particular, has proven highly effective in capturing detailed 3D geometric features of historic buildings, offering high-density data collection—with some scans yielding millions of points per scene—which significantly enhances the accuracy of heritage documentation and modeling processes [39].



In this study, CNN, Fast R-CNN, YOLOv8, and YOLOv11 are compared to identify and classify historic buildings, establish a Qiaonan Village building dataset, integrate information into GIS to generate 2D maps and 3D models, and create a historical building database for monitoring and hierarchical protection.



The main contributions of this paper are as follows:




	
Identifying and evaluating historical buildings in Qiaonan Village, establishing a database to address the lack of digitized research on Quanzhou’s historical buildings.



	
Combining YOLOv11’s object detection and GIS for categorizing and archiving Qiaonan Village buildings, replacing traditional methods with a more advanced, economical, and efficient process [40].



	
Developing a technical route for building an intelligent monitoring platform based on deep learning and GIS for the hierarchical protection of historic buildings.









2. Methods and Data


2.1. Study Area


This study focuses on Qiaonan Village, a typical representative of traditional settlements in southern Fujian, China. The village features well-preserved historical buildings alongside modern complexes. Locals refer to the traditional architecture as red-brick Gu-Cuo. Notably, more than 80% of the existing historical buildings maintain intact masonry and wood structure systems.




2.2. Multi-Model Comparison for Intelligent Classification of Historic Buildings


This study proposes an intelligent classification method for historic buildings through a multi-model comparison framework based on deep learning algorithms. Specifically, we evaluate the performance of four widely used models—CNN, Fast R-CNN, YOLOv8, and the YOLOv11 series—by comparing key performance metrics, including mAP@0.5, mAP@0.5:0.95, GFLOPs, and parameter count (Params). The objective is to identify the most suitable model for the automatic recognition and classification of historical building elevations, particularly under complex architectural and environmental conditions (see Section 3.1 for details). The technical workflow consists of three phases: data acquisition, model training and intelligent recognition, and GIS annotation and visualization (Figure 1).



Since the YOLO series is widely recognized for its high efficiency and accuracy in building elevation detection [10], and CNN and Fast R-CNN have proven effective in traditional building classification [7,12], this study compares different deep learning models to identify the most suitable approach.



The process includes:



	
Phase 1: Acquiring building elevation images of known ages in Qiaonan Village using cameras and smartphones. Images are annotated using LabelImg to build a labeled dataset.



	
Phase 2: Training multiple models (CNN, Fast R-CNN, YOLOv8, and YOLOv11) and comparing their performances in building classification tasks to select the optimal model. Model robustness is validated under complex scene conditions.



	
Phase 3: Integrating classification results into a GIS platform to generate a building distribution map based on geographic coordinates. Historical buildings are further scanned to create 3D point cloud models, where 2D photos, 3D models, and chronological labels are linked to their real-world locations. An intelligent management platform is built to support the hierarchical protection of historical buildings.







2.3. Historic Building Facade Data Collection


2.3.1. Elevation Data Set Construction


We selected 21 buildings in Qiaonan Village with known construction dates, including 4 buildings from the Qing Dynasty (QD), 3 buildings from the Republic of China (RC) period, and 14 buildings from the People’s Republic of China (PRC) period.



A total of 89 high-precision elevation images were captured using a Sony A6000 camera (with a resolution of 0.05 m) and smartphones under varying light and angle conditions. Building elevations were labeled with bounding boxes and annotated with their corresponding chronological labels (QD, RC, PRC) using LabelImg.



To address occlusion problems caused by the dense building layout and narrow trails in Qiaonan Village, the dataset was expanded using geometric transformations such as HSV color space enhancement, image translation, affine transformation, and perspective transformation.



Additionally, probability-controlled data augmentation methods were applied to enhance the model’s ability to generalize to occluded targets by introducing multi-dimensional feature perturbations. As a result, the dataset was expanded to a total of 3150 images. The labels of each chronology are shown in Table 1.




2.3.2. Elevation Data Set Segmentation


The dataset was divided into training and validation sets using a 7:3 ratio, resulting in 66 images for training and 27 images for validation. Care was taken to maintain a balanced chronological distribution among the three categories: Qing Dynasty (23%), Republic of China (9%), and People’s Republic of China (68%).





2.4. Deep Learning Algorithm Model Network Structure


YOLOv11 is an advanced iteration built upon the YOLOv8 framework, incorporating three key architectural innovations—C3K2, SPPF, and C2PSA—to improve detection accuracy and computational efficiency, particularly in complex architectural environments.



	
C3K2 Module: This module replaces a single large convolutional kernel (e.g., C2f) with two smaller convolutional kernels, effectively reducing computational load and enhancing processing speed. This design improves the model’s sensitivity to fine-scale features commonly found in historic building elevations, such as windows, cornices, and decorative elements.



	
SPPF (Spatial Pyramid Pooling—Fast): This module facilitates the fusion of large-scale contextual information with fine-grained details by applying multiple spatial pooling layers in parallel. It improves the model’s ability to detect both global and localized architectural features within a single image.



	
C2PSA (Convolutional Coordinate-aware Position and Spatial Attention): The C2PSA module introduces a spatial attention mechanism that enables the model to dynamically emphasize important regions in an image. This selective focus enhances detection performance, especially in visually complex or partially occluded scenes, which are common in historic village environments.






These enhancements collectively make YOLOv11 well suited for the intelligent recognition of historic building elevations, where architectural detail, occlusion, and scale variation present substantial challenges. The model architecture consists of three main components: the backbone network, feature pyramid network (FPN), and detection head (Figure 2).



The backbone network employs a lightweight C3K2 module as the core feature extractor. It reduces computational complexity by using compact 3 × 3 convolutional kernels, decreasing GFLOPs by 18%. Combined with the Cross Stage Partial (CSP) structure, it preserves detailed elevation features such as material textures and structural morphology [13]. A dynamic convolution block further improves gradient propagation via residual concatenation [41], adapting well to high-resolution UAV imagery.



The FPN integrates the SPFF module with a bidirectional cross-scale fusion strategy (PANet++), applying multiple pooling kernels (5 × 5, 9 × 9, and 13 × 13) to extract multiresolution features in parallel. This enhances sensitivity to small-scale architectural elements such as cornice decorations. Channel compression is also applied, reducing computational overhead by 12% compared to traditional SPP modules.



The detection head features a decoupled structure using the C2PSA attention mechanism, which dynamically weights occluded region features using spatial attention [42]. This decoupling helps optimize classification and localization independently. The multi-scale prediction head outputs feature maps at three levels—P3 (small targets < 50 × 50 pixels), P4 (medium targets 50 × 50–200 × 200 pixels), and P5 (large targets > 200 × 200 pixels)—with PANet++ enhancing robustness across varying scales [43] (see Figure 3).




2.5. Training Strategies and Parameters


The YOLOv11L model was trained in a high-performance computing environment equipped with an NVIDIA RTX 3080Ti GPU (16 GB VRAM), 32 GB RAM, and the Ubuntu 20.04 operating system. This configuration provided sufficient computational power and memory to support efficient training, particularly for high-resolution images and complex architectural details common in historical building elevations.



An input image resolution of 640 × 640 pixels was selected to balance feature resolution and computational efficiency, which is particularly effective for the detection of small targets and intricate structural components. A batch size of 16 was used to optimize memory utilization while ensuring training stability and computational speed. Although larger batch sizes can enhance gradient stability and improve batch normalization, memory overflow was carefully avoided.



For optimization, the initial learning rate was set at 0.01, and a cosine annealing learning rate schedule was employed to gradually reduce it to a minimum of 0.001. This strategy promotes smooth convergence in the later training stages, enhances model generalization, and reduces the risk of overfitting.



The training process was configured for a maximum of 400 epochs, with an early stopping mechanism implemented: if the validation loss failed to decrease for 30 consecutive epochs, training was terminated to conserve computational resources and maintain training efficiency.





3. Results


3.1. Comparison of Building Recognition Results Based on Deep Learning Algorithms


This study evaluated the performance of several deep learning models—including CNN, Fast R-CNN, YOLOv8, and various versions of YOLOv11—on a dataset of 93 high-resolution images representing 21 historical buildings of known age in Qiaonan Village.



To comprehensively assess YOLOv11’s effectiveness in elevation classification tasks, five variants were tested (see Table 2).



Each model was evaluated using four key metrics:




	
mAP@0.5 (mean average precision at IoU = 0.5): Measures precision when intersection-over-union is ≥0.5; higher values indicate better detection accuracy.



	
mAP@0.5:0.95: A more stringent metric averaged over IoU thresholds from 0.5 to 0.95 (at 0.05 intervals); indicates bounding box localization accuracy.



	
GFLOPs (Giga floating point operations): Reflects the model’s computational demand during inference; higher GFLOPs imply higher hardware requirements and less real-time efficiency.



	
Params (parameters): Total number of trainable parameters; a measure of model complexity.








The performance metrics for each model are shown in Table 3.



The results of the experiment show that:



The superior overall performance of the YOLOv11 series confirms its advantage over other deep learning models in the digital recognition and classification of historic building elevations. The mAP50 average of YOLOv11 reached 0.964, which is an improvement of 53.02% compared to Fast R-CNN and of 82.3% compared to YOLOv8. The mAP50-95 mean value of 0.783 was significantly better than that of other models. The target detection model performance comparison shows that the four models of YOLOv11 had similar mAP50 values, but since the parameter and GFLOPs values of YOLOv11L were significantly higher than those of the other three models and had the highest overall performance, which suggests that it is suitable for the historical building preservation task with high precision requirements, YOLOv11L was finally selected as the final training model for the study.




3.2. Training Process and Model Convergence Analysis


The training process of the YOLOv11L model exhibited excellent convergence behavior, as illustrated by the loss curve in Figure 4. Initially, both the bounding box loss (box_loss) and classification loss (cls_loss) were high, reflecting the model’s limited ability to extract detailed features. However, as training progressed, a steady decline in both metrics was observed.



By around epoch 500, the box_loss stabilized at approximately 0.15, and the cls_loss decreased to around 0.28, indicating effective learning of spatial localization and class differentiation. The precision–recall curve in Figure 5 further demonstrates the model’s stability: Even at recall levels above 0.90, precision remained higher than 0.95, highlighting its robustness in practical scenarios. This not only proves that the model has extremely high accuracy in the building detection task, but also reflects that it can balance well the problem of leakage and misdetection in practical applications. During the training process, the reasonable settings of hardware environment and hyperparameters such as batch size further ensure the balance of computational efficiency and memory management, thus making the whole model training process more efficient.




3.3. Classification and Post-Processing of Unknown Building Dates


3.3.1. Method Flow and Parameter Setting


Using the trained YOLOv11L model (best.pt), automated classification was performed on 178 buildings of unknown age around Qiaonan Village. To ensure reliable results, the following settings were applied:




	
Confidence threshold: 0.6 (predictions below this are discarded);



	
Non-maximum suppression (NMS): IoU threshold of 0.5 to eliminate redundant detections;



	
Output categories: QD (0), RC (1), PRC (2), matching training label encoding.








Finally, batch inference was conducted for all images, producing bounding boxes, predicted categories, and confidence scores for each building.




3.3.2. Analysis of Classification Results


The classification results for the 178 scanned unknown buildings are presented in Table 4.



The classification results show:




	
Among the 178 unknown buildings, the model identified 15 architectural heritage buildings, including 12 QD buildings and 3 RC buildings, with an average confidence level of 0.90, which indicates that the model has a strong ability to recognize architectural heritage features. The architectural heritage is mainly distributed in the core area of the village, which is highly consistent with the positioning of the “Ming and Qing Dynasty Ancient Village” recorded in the local history (see Figure 6).



	
The percentage of PRC building architecture reached 91.6%, which was the highest, and was concentrated in the periphery of the village, reflecting the spatial expansion pattern in the process of urbanization. The average confidence level was 0.90, which verifies that the model accurately recognized the characteristics of PRC buildings (e.g., flat roofs, tiled elevations).








The results demonstrate that the application of YOLOv11L in historic building preservation significantly enhances the efficiency of intelligent recognition and classification, while reducing the time and labor costs traditionally associated with documentation. This study introduces a novel deep learning-based method for the digitalization of rapidly vanishing historic structures, offering a scalable approach to heritage conservation.





3.4. GIS Annotation and Visualisation of Historic Buildings


In order to better apply the identification results to the conservation of historic buildings and the management of the heritage area in the region, GIS was introduced in the last step of the study to realize the geographic location annotation of the buildings in the heritage area and the integration of the information of the historic buildings, as shown in Figure 7.



	
The 15 newly identified heritage buildings were combined with the 13 known ones, totaling 28 historical buildings.



	
Laser scanning was conducted to generate 3D point cloud models of these structures.



	
Spatial coordinates, 2D imagery, and 3D model data were integrated into GIS to create an interactive building distribution map.






This integration enables dynamic monitoring and intelligent management of the historic buildings in Qiaonan Village through a unified database platform, as shown in Figure 8.



By integrating 2D imagery, 3D models, and spatial data through GIS, this study realized the visualization and digital archiving of historic buildings within traditional villages and heritage zones. The approach not only facilitates intelligent monitoring and hierarchical protection, but also supports long-term conservation research and management of architectural heritage.





4. Discussion


4.1. Research Results and Contributions


This study proposes a method based on deep learning algorithms to identify and realize the classification of historical buildings, and integrates building information, 2D images and 3D model data with GIS to establish a database of historical buildings, which provides data support for the digital management research of historical buildings. The proposed method aims to address the challenges of identifying, evaluating, and preserving historic buildings in heritage areas or traditional villages under autonomous construction, and to make up for the lack of digitalization research in the field of historic buildings.



To achieve this goal, the study was divided into three phases. The first phase collected data on building elevations in the village. In the second stage, target detection of historical buildings was carried out, and the buildings in the village were categorized into three periods according to different styles and ages. In the third stage, based on the identification results, the historical buildings were scanned to generate 3D point cloud models, and a building distribution map of Qiaonan Village was obtained using GIS, while the information of the historical buildings, 2D images, and 3D models was integrated into a database.



In the recognition phase, historical buildings were detected with 98.5% confidence using the YOLOv11L target detection model, which is an acceptable level of accuracy. Comparison experiments showed that the model outperformed other deep learning algorithm models in terms of accuracy and speed. In the stage of establishing the database, the support of 2D pictures and 3D models made the database more complete, and GIS visualized the distribution of historical buildings and showed the location of historical buildings more intuitively, which represents an important contribution to the digital research of historical buildings.



The main contributions of this study are as follows:




	
The recognition of building elevations by deep learning algorithms confirms the feasibility of applying AI technology to the value assessment of historic buildings, improves the efficiency of identifying and categorizing historic buildings, and makes the protection system of historic buildings in Quanzhou more complete.



	
Integrating the information, 2D pictures, and 3D models of the buildings to build a database of historical buildings with temporal and spatial attributes realizes the archiving of full-dimensional information and intelligent monitoring of historical buildings, which is an application and innovation for the protection and management of historical buildings. At the same time, the establishment of the database can promote the development of tourism in the heritage area, make tourists feel the local culture more intuitively, and realize the transformation and upgrading from sightseeing tourism to an in-depth cultural experience.



	
Applying artificial intelligence technology to the study of identification, assessment, and digital management of historical buildings in Qiaonan Village will help the future protection of Quanzhou World Cultural Heritage Site and the construction of an intelligent monitoring system, promote the cross-fertilization of multiple disciplines in the field of historical building protection, and help build an intelligent historical building database and management platform.









4.2. Limitations of the Study


Despite the promising outcomes, several limitations are acknowledged:




	
The geographic locations of historical buildings need to be manually labeled in GIS, and 2D images and 3D models need to be converted into links to be inserted into the corresponding distribution points of historical buildings, which significantly increases the cost of data preprocessing and reduces the efficiency of data fusion.



	
The building elevation of traditional villages under autonomous construction generates various complex problems. Confusing building layouts and narrow building spacing hinder the collection of building elevation information, and the identification process confuses the identification of some building elevations due to materials, building forms, and damaged building elevations, which is a problem that cannot be fully covered by the current data set.



	
Although our research methodology has shown satisfactory results in the digitization of historic buildings in Qiaonan Village, the current study still focuses on selected villages in southern Fujian and lacks data on other historic building preservation zones and historic buildings in China, which does not adequately represent the public and historical value of historic buildings.










5. Conclusions


This study validates the feasibility and effectiveness of deep learning algorithms—particularly the YOLOv11L model—in the identification and classification of historical buildings, using Qiaonan Village as a case study. Through a multi-step pipeline integrating deep learning, 3D scanning, and GIS visualization, the study demonstrates how AI can enhance the intelligent monitoring and hierarchical protection of architectural heritage in traditional villages. The findings offer solutions to the persistent challenges of inadequate protection and inefficient management in heritage preservation.



The proposed method not only supports the development of a comprehensive digital protection system for historical buildings in Quanzhou but also promotes sustainable tourism and the interdisciplinary integration of AI, architecture, cultural heritage, and spatial information science.



Future outlook:




	
Toward an Integrated Research Model: This study marks an initial advancement in the digital preservation of historical buildings. Future work will focus on enhancing the interoperability of deep learning algorithms with GIS and other spatial technologies, aiming to establish a “data collection–intelligent recognition–data integration” workflow. This model would support real-time monitoring and intelligent management, addressing the limitations of traditional preservation methods. We envision this framework serving as a blueprint for the intelligent protection of cultural heritage both in China and globally.



	
Building a Smart Cultural Heritage Platform: The construction of an intelligent management system will not only assist in the preservation of the Quanzhou World Heritage Site but also enable dynamic assessments of tourism carrying capacity. This integration supports a balanced approach to cultural tourism development and heritage conservation, facilitating a transformation from passive sightseeing to active cultural engagement.



	
Expanding Scope and Generalizability: The YOLOv11L-based detection system has proven effective in autonomously identifying and evaluating traditional village architecture, significantly reducing manual labor and increasing efficiency. In the next stage, the research will be expanded to include adjacent regions and broader national contexts, thereby strengthening the digital foundation of China’s historical building protection network and contributing to its systematic, intelligent evolution.
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	Republic of China



	GIS
	Geographic Information System



	CTSs
	Chinese traditional settlements



	CNN
	Convolutional neural network



	R-CNN
	Region-based convolutional neural network



	CViT
	Convolutional vision transformer



	AI
	Artificial intelligence



	QGIS
	Quantum Geographic Information System (cross-platform free and open-source desktop GIS application



	PSP
	Panoramic spherical photogrammetry



	BIM
	Building Information Modeling



	2D
	Two-dimensional



	3D
	Three-dimensional



	HSV
	Hue, saturation, value



	FPN
	Feature pyramid networks



	GFLOPs
	Giga floating point operations per second



	CSP
	Cross Stage Partial



	PANet
	Path aggregation network



	SPP
	Spatial Pyramid Pooling



	mAP
	Mean average precision



	Params
	Parameters



	cls_loss
	Classification loss



	NMS
	Non-maximum suppression



	IOU
	Intersection over union



	AHE_Dataset
	Architectural heritage elements dataset
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Figure 1. Research methodology. 
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Figure 2. Structure of the YOLOv11 model. 
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Figure 3. Backbone of the YOLOv11 feature pyramid network. 
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Figure 4. Performance parameters of model training. 
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Figure 5. Precision–recall curve. 
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Figure 6. YOLOv11L scanning results for historic building facades. 
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Figure 7. Visualization workflow of historical building information. 
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Figure 8. GIS-based distribution map of historical buildings in Qiaonan Village. 
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Table 1. Chronological labeling.
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	Labels
	Introduction
	Representative Buildings





	QD (1616–1912)
	This is the oldest building type in the study area, preserving the style of local historical buildings, mainly Minnan ancient Gu-Cuo and ancestral temples and monasteries.
	[image: Buildings 15 01843 i001]



	RC (1912–1949)
	Combining the historical buildings of Southern Fujian and Western architectural elements, it has formed a unique East-meets-West style and is an important material carrier of modern overseas Chinese culture.
	[image: Buildings 15 01843 i002]



	PRC (post-1949)
	Predominantly local self-built houses, with elevations made up mainly of modern building materials such as red bricks and ceramic tiles, some of which have been subsequently added to, resulting in the appearance of two styles in one building.
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Table 2. YOLOv11 series model explanation.
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	Model
	Explanation





	YOLOv11N
	Lightweight version optimized for limited computing environments and real-time requirements.



	YOLOv11S
	Slightly enhanced capacity with low computational load.



	YOLOv11M
	Balanced trade-off between accuracy and efficiency.



	YOLOv11L
	Higher parameter count and deeper architecture for improved accuracy.



	YOLOv11X
	Deepest variant with maximum detection precision, ideal for offline analysis or high-performance servers.










 





Table 3. Comparison of target detection model performance.
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	Modeling
	mAP50
	mAP50-95
	Parameters
	GFLOPs
	Accuracy (%)





	Fast_RCNN
	0.6295
	0.3297
	41,304,286
	/
	63



	CNN
	/
	/
	51,480,000
	0.57
	89



	YOLOv8
	0.529
	0.261
	3,006,233
	8.1
	52.9



	YOLOv11L
	0.985
	0.792
	23,281,625
	86.6
	98.5



	YOLOv11N
	0.978
	0.807
	2,582,737
	6.3
	97.8



	YOLOv11M
	0.988
	0.755
	20,032,345
	67.7
	98.8



	YOLOv11S
	0.941
	0.807
	9,413,961
	21.3
	94.1



	YOLOv11X
	0.929
	0.756
	56,830,489
	194.4
	92.9










 





Table 4. Unknown building age classification statistics.
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	Age
	Number (Buildings)
	Average Confidence Level (Math.)





	QD (0)
	12
	0.92



	RC (1)
	3
	0.87



	PRC (2)
	163
	0.90
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