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Abstract

As an outstanding UNESCO World Heritage Site, the Jiangnan gardens feature both
exquisite and fragile components. Reduction-fired cyan square bricks, serving as crucial
paving materials, are long-term exposed to natural and anthropogenic factors, making them
prone to various types of surface damage and urgently requiring efficient, non-destructive
detection methods to support scientific conservation. Traditional manual inspection meth-
ods suffer from low efficiency, strong subjectivity, and potential disturbance to the fragile
heritage structures. This study focuses on developing an intelligent detection method
based on advanced computer vision, employing the YOLOV12 object detection model to
achieve non-contact, automated identification of typical tile surface damage types in the
Jiangnan gardens (such as cracking, stains, water stains, and wear). A total of 691 images
of reduction-fired cyan square bricks collected on-site were used as training samples. The
main conclusions of this study are as follows: (1) By constructing a dataset containing
multiple samples and multiple scenes of reduction-fired cyan square brick images in Jiang-
nan gardens, the YOLOv12 model was trained and optimized, enabling it to accurately
identify subtle damage features under complex texture backgrounds. (2) Overall indicators:
Through the comparison of the confusion matrices of the four key training nodes, model
C (the 159th epoch, highest mAP50-95) has the most balanced overall performance in
multiple categories, with an accuracy of 0.73 for cracking, 0.77 for wear, 0.60 for water
stain, and 0.65 for stains, which can meet basic detection requirements. (3) Difficulty of
discrimination: Compared with stains and water stains, cracking and wear are easier to
distinguish. Experimental results indicate that the detection method is feasible and effective
in identifying the surface damage types of reduction-fired cyan square bricks in Jiangnan
gardens. This research provides a practical and efficient “surface technology” solution for
the preventive protection of cultural heritage, contributing to the sustainable preservation
and management of world heritage.

Keywords: world heritage site; YOLOv12; reduction-fired cyan square bricks; surface damage

1. Introduction

The Suzhou Historic and Cultural City Conservation Area, located in Suzhou City,
Jiangsu Province, in China’s Yangtze River Delta, boasts a history spanning over 4000 years,
dating back to the earliest recorded history [1,2]. The ancient city of Suzhou, covering
approximately 14.2 square kilometers, has remained unchanged for over 2500 years [3,4].
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The Suzhou Historic and Cultural District boasts numerous historical sites, among which
the Jiangnan gardens are the most representative [5]. In 1997 and 2000, six exemplary
classical gardens within the Suzhou Old Town area, including the Humble Administrator’s
Garden, the Lingering Garden, and the Master of the Nets Garden, were inscribed on the
UNESCO World Heritage List [6], becoming a treasure shared by all mankind.

Reduction-fired cyan square bricks, an integral part of the Jiangnan classical gardens,
a World Cultural Heritage site, have a history of use dating back to the Song Dynasty
(960-1279) [7-9]. Large-scale square bricks were primarily used in palaces, temples, and
the halls of wealthy households. During the Ming and Qing Dynasties (1368-1840), the
flourishing development of Jiangnan gardens led to an increase in use of reduction-fired
cyan square bricks in flooring, making them an essential element of garden floor decoration.
From the mid-to-late Qing Dynasty to the Republic of China (1840-1949), while traditional
craftsmanship continued, hand-fired cyan square bricks gradually became rare [10,11].
Existing square cyan brick paving in Jiangnan classical gardens largely retains the original
bricks [12]. These bricks, passed down through centuries, have witnessed the rise and fall
of Jiangnan gardens and their evolution and are now a unique and indelible part of the
World Heritage list.

Scholars have made a series of explorations on the brick-related research of Suzhou’s
architectural heritage. Li et al. used the constant humidity and constant temperature
method of a saturated saline solution to measure the isothermal moisture absorption curves
of Wujiang bricks in the 1980s and the late Qing Dynasty and gave a fitting formula in the
humidity range of 5%—92% [13]. Wang et al. conducted physical and chemical analyses
of the clinker bricks used in Soochow University using X-ray diffraction (XRD), Raman
spectroscopy, scanning electron microscopy—energy-dispersive spectroscopy (SEM-EDS),
and a full immersion test and studied the physical and chemical properties of bricks at
different positions on the facade of the Smart Memorial Gymnasium [14].

There are also studies related to the material properties of bricks. Chun et al. studied
ancient white bricks in the Yichun region from the perspective of material properties [15].
Li et al. investigated the cross-validation of the hygrothermal performance and isothermal
adsorption experiments of historical Chinese gray bricks [16]. Zhao et al. considered
Jiangsu, Zhejiang, and Anhui Provinces as sample areas and traced the ancient production
processes for traditional Chinese gray bricks. They compared the porosity and water
absorption of traditional gray bricks and modern antique-style bricks [17]. Zhang et al.
focused on improving the performance of historical gray bricks made using an amide
polymer [18].

However, Suzhou has a vast heritage site and uses a wide variety of classical hand-
made materials, which existing research has not been able to fully cover, especially in
the field of reduction-fired cyan square bricks. Previous studies mainly focused on the
material elements, composition, and material properties of bricks. These studies required
on-site sampling of the bricks to conduct element and composition detection. To obtain
sufficient sample sizes, this sampling research method usually involved scraping or frag-
ment sampling from the original bricks. This inevitably damaged the integrity of the
original bricks.

With the emergence of deep learning technology, more scholars hope to use these
cutting-edge technologies to achieve non-contact inspection and identification of heritage
surfaces. In 2024, our research team conducted surface damage recognition and object
detection using YOLOV4 on shedthin tiles on the roofs of Suzhou'’s traditional garden
architecture [19]. Chen et al. combined drone technology with deep learning to perform
pathological detection, focusing on five categories, namely material loss (ML), discoloration
and deposition (DD), cracks (CRs), surface spalling (SS), and biological invasion (BI), at
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Soochow Hospital [20]. Despite this, we still need to pay more attention to this precious
world heritage and expand more research combining materials science and heritage studies.
Among the numerous deep learning models, Ultralytics Inc. (Frederick, MA, USA) released
YOLOV12 in 2025 [21-23]. This model introduced an attention-centric architecture that
departed from the traditional CNN approach used in previous YOLO models while main-
taining the real-time inference speed essential for many applications. This model achieved
state-of-the-art object detection accuracy while maintaining real-time performance through
innovative approaches to the attention mechanism and overall network architecture. This
also ushered in new applications for deep learning technology in the field of surface damage
analysis for architectural heritage buildings.

In contrast to prior research on brick heritage, which has predominantly focused
on chemical composition and microscopic properties, studies specifically addressing the
surface damage of reduction-fired cyan square bricks remain scarce. The integration
of intelligent detection technologies in this domain is even more limited. This study
pioneers the application of an advanced object detection model, YOLOv12, for the non-
contact and highly efficient identification of surface damage on these bricks. The primary
purpose is to develop an automated approach that transcends the limitations of traditional
manual inspection, which is often subjective and time-consuming. This research not only
demonstrates the feasibility of using deep learning for heritage material diagnostics but
also provides a robust and scalable framework for the condition assessment of garden
heritage, thereby offering a significant departure from and contribution to the existing body
of work.

2. Materials and Methods
2.1. Research Object: Reduction-Fired Cyan Square Bricks in Jiangnan Gardens

Reduction-fired cyan square bricks, a crucial paving material in Jiangnan gardens,
play a crucial role in the garden’s overall layout. These bricks, despite centuries of use,
largely retain their original paving material and layout, having never undergone large-
scale replacement. They bear witness to the garden’s historical beauty [24,25]. However,
compared to other components of ancient buildings, such as beams, columns, and window
lattices, these bricks have received significantly less protection [26,27]. Today, due to
multiple factors, including climatic changes (such as prolonged rainwater erosion and
drastic temperature fluctuations), frequent human traffic, and accidental impacts, many
bricks have developed varying degrees of cracking, wear, hollowing, and even loss.

Scientific and effective surface inspection measures are a prerequisite for protecting
these reduction-fired cyan square bricks. Precise inspection techniques can comprehensively
capture subtle surface damage (such as early cracks and localized wear), thereby promptly
identify potential problems and buy time for subsequent conservation efforts. If left
undetected and allowed to develop, minor damage can escalate into major destruction,
ultimately leading to the irreversible loss of cultural heritage. With such consequences in
mind, this study specifically focuses on the floor tiles of six Jiangnan classical gardens, a
World Heritage Site, within the ancient city of Suzhou. It systematically examines surface
damage on reduction-fired cyan square bricks. Its core goal is to utilize scientifically
effective inspection methods to promptly identify various damage issues, providing a solid
foundation for developing targeted conservation strategies to safeguard these precious
World Heritage Sites (Figure 1).
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Figure 1. Research area: Suzhou Historic and Cultural City Conservation Area in Suzhou. (a) Location
of Jiangsu Province; (b) location of Suzhou; (c) site of research; (d) research scope of the Suzhou
Historic and Cultural City Conservation Area.

Reduction-fired cyan square bricks are used specifically for paving the ground in
Jiangnan classical gardens. Their surface is flat, smooth, and delicate, and they are widely
used in the ground base of the halls and corridors of the main buildings in the gardens
(Figure 2).

The specifications of reduction-fired cyan square bricks vary depending on the specific
landscape and design requirements. Outdoor paving uses reduction-fired cyan square
bricks primarily for relatively regular courtyards, terraces, and paths. Typical side dimen-
sions range from 20 cm to 40 cm, with thicknesses ranging from 6 cm to 10 cm. Indoor
living rooms use reduction-fired cyan square bricks, which are more delicate and strive for
a smooth and glossy surface. They are typically larger and thinner than outdoor bricks,
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with typical side dimensions ranging from 40 cm to 70 cm and thicknesses ranging from
approximately 6 cm to 10 cm.

Reduction-fired
*, Cyan square bricks

Location:
Indoor, Corridor, Pavilion

Figure 2. The laying location of reduction-fired cyan square bricks.

The laying of reduction-fired cyan square bricks requires extremely stringent crafts-
manship, with each brick embodying the wisdom and ingenuity of ancient gardeners.
Traditional brickmaking involves carefully selecting high-quality clay, repeatedly tread-
ing to remove air bubbles, and then undergoing a lengthy shade-drying process, high-
temperature firing, and a water-reduction process to achieve the cyan color. Finally, they
undergo rigorous inspection to eliminate inferior products. The entire brick production
process is lengthy and characterized by a high loss rate, making it difficult to replicate with
other flooring materials. Today, these traditional handmade reduction-fired cyan square
bricks can be found in several historic buildings in the Jiangnan region, including the main
pavilion in the Humble Administrator’s Garden and the corridors of the Lingering Garden

(Figure 3).

Figure 3. Reduction-fired cyan square bricks are commonly used in traditional gardens. (a) The
Hall of Ten Thousand Volumes in Suzhou’s Master of the Nets Garden; (b) inside the Humble
Administrator’s Garden Pavilion; (c) Inside the long corridor in the Lingering Garden.

2.2. Analysis of Damage Types and Factors

Ancient reduction-fired cyan square bricks are a distinctive material used in the
floor paving of traditional Jiangnan buildings. However, these materials deteriorate over
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time, leading to a decrease in their physical and mechanical properties and durability,
compromising the usability of the floor. These historic buildings, which have survived for
hundreds or even nearly a thousand years, have undergone numerous restorations, but the
traditional firing techniques are rapidly disappearing, and high-quality, old-style reduction-
fired cyan square bricks are now extremely rare. If these bricks, which carry this historical
context, were to disappear completely, the floorscape of Jiangnan’s traditional architecture
would lose its soul, and the integrity and authenticity of this World Heritage Site would
suffer irreparable damage. Therefore, their protection and restoration are time-sensitive
(Figure 4).

| Waterstain [l Stains |

Figure 4. On-site photos of the damage to reduction-fired cyan square bricks.

Based on on-site inspections of multiple gardens, the research team found that the
surface damage of reduction-fired cyan square bricks in Suzhou’s world heritage ancient
buildings was quite significant, and restoration work was time-sensitive. The damage
to reduction-fired cyan square bricks can be mainly attributed to two factors, climate
factors and human factors, which also make protection work more challenging [28,29].
This includes the following: (1) In terms of climate, its impact is closely related to the
material properties of the tiles themselves. The Jiangnan region is humid and rainy, and
reduction-fired cyan square bricks are exposed to high humidity for a long time. Traditional
reduction-fired cyan square bricks have high porosity, and rainwater can easily penetrate
deep into the brick body through capillary action. Long-term retention of moisture will
cause irregular dark patches on the brick surface; at the same time, the humid environment
will promote the growth of mold and accelerate the peeling of the brick surface. (2) In
terms of human use, the damage to reduction-fired cyan square bricks is mostly caused by
improper behavior during daily use. Surface contamination such as tea stains, oil stains,
and paint, as well as cracking caused by heavy pressure, can directly damage reduction-
fired cyan square bricks. We can identify four common types of damage based on the
two main causes mentioned above: wear, cracking, water stains, and stains (Figure 5).
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Figure 5. Causes and processes of damage of reduction-fired cyan square bricks.

2.2.1. Wear

Many factors affect the damage of reduction-fired cyan square bricks. From the
perspective of the material itself, there are certain process defects: The firing temperature
of traditional reduction-fired cyan square bricks is relatively low (about 1000 °C). The
porosity is high [30-32]; it easily absorbs moisture and pollutants, and the surface is more
susceptible to damage from the external environment. In terms of weather factors, the
Jiangnan region has abundant rain, and long-term rain and moisture have a significant
impact. The surface mortar will gradually wear out and even cause the surface to peel
off. In addition, poor air flow inside the building, combined with moisture and frequent
walking, makes the surface peeling or wear of these reduction-fired cyan square bricks on
the indoor floor more serious. The rise in tourism has sped up surface wear.

2.2.2. Cracking

Reduction-fired cyan square bricks may crack or even break due to compression or
impact. The Lake Tai basin, where the gardens are located, primarily consists of soft soil.
This type of soil structure is less stable, and under the influence of continuous rainwater
infiltration, the foundation is prone to uneven subsidence. When the foundation settles
slightly, the reduction-fired cyan square bricks laid on top will be pulled due to unbalanced
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forces, resulting in cracks. In addition, the temperature in the Jiangnan region often exceeds
35 °C during the hot summer season, and the reduction-fired cyan square bricks will
expand due to heat. Because the reduction-fired cyan square bricks are laid closely and
constrained by the surrounding structure, their expansion space is limited, resulting in the
edges of the bricks squeezing each other and causing edge cracking. The reduction-fired
cyan square bricks in Suzhou’s gardens have experienced a century of daily use. Certain
heavy objects or the movement of furniture will inevitably cause impact and compression
damage to the floor tiles. These external impacts and compressions will directly act on the
surface and internal structure of the reduction-fired cyan square bricks, causing serious
cracks in the tiles. Excessively large cracks will not only accelerate the fragmentation of
the bricks themselves but will also affect walking and even cause tripping due to cracking
and warping.

2.2.3. Water Stain

The average annual humidity in Jiangnan is >75%, and the rainy season is continuous
(such as the plum rain season) [33,34]. The porosity of traditional reduction-fired cyan
square bricks is relatively high, and rainwater can easily penetrate deep into the brick body
through capillary action. When water remains in the brick body for a long time, the surface
of the reduction-fired cyan square bricks will not have regular dark patches, resulting in
blurred boundaries. In addition, after some water stains evaporate, white salt crystals will
precipitate at the edge of the water stains on the brick surface, forming a white ring of alkali.
After repeated dry-wet cycles, the water stains carry a soluble salt into the pores of the
brick body. When drying, the crystals precipitated by the salt will expand, squeezing the
pores inside the brick body and causing the brick structure to crack and peel off. It can be
said that water stains are the initial manifestation of cracks and damage in reduction-fired
cyan square bricks. The three factors are closely related.

2.2.4. Stains

Stains, unlike water stains, are primarily caused by human use. Stains primarily
include tea stains, food grease, and paint (such as restoration paint and lime mortar). While
these stains do not directly damage the surface of the bricks, if left untreated over time, they
will gradually penetrate the rough, porous surface or cracks of the bricks. Grease stains can
cause the surface of the tiles to become sticky and rigid, accelerating dust adhesion. High
humidity enables pollutants to form sols, which increase their permeability and lead to the
development of carbon-black pits on the surface of reduction-fired cyan square bricks. This
damage to the bricks is irreversible.

Sample data collected through on-site surveys indicates that surface damage to the
reduction-fired cyan square bricks within Suzhou’s world heritage buildings is particularly
prominent, necessitating urgent restoration. For historical buildings, restoration efforts
must preserve the original features to maximize authenticity and completeness while also
ensuring the continued function of the building. Such an outcome significantly increases
the difficulty of protecting and repairing the reduction-fired cyan square bricks. If timely
protective measures are not implemented, damage to the reduction-fired cyan square bricks
will worsen, affecting not only the building’s overall appearance but also its functionality.
To promote intelligent and sustainable conservation of world heritage buildings, this
study utilizes machine learning technology and a contactless identification method to
establish a real-time, rapid monitoring system for surface damage to reduction-fired cyan
square bricks.
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2.3. Image Collection Source

The image samples for this study were selected from the floors in buildings and
pavilions within Suzhou'’s six major classical gardens: the Humble Administrator’s Garden,
the Lingering Garden, the Master of the Nets Garden, the Canglang Pavilion, the Lion Grove
Garden, and the Couple’s Retreat Garden. To ensure the authenticity and representativeness
of the samples, researchers conducted a systematic field survey between May and July 2025.
Given the critical impact of lighting on image quality, sample collection was conducted on
sunny days with good lighting conditions. High-definition cameras were used throughout
the process to maximize the preservation of detailed features of surface damage on the
reduction-fired cyan square bricks.

During the three-month survey, the research team collected a total of 977 samples of
reduction-fired cyan square bricks through repeated on-site visits and meticulous regional
inspections. To ensure the reliability of the data for subsequent research, these samples
underwent a rigorous screening process. After individually screening and eliminating
invalid samples with problems such as overexposure, image blur, and excessive angle
deviation, the researchers ultimately identified 691 valid samples. Among the valid samples
from various gardens, the Humble Administrator’s Garden accounted for the largest
proportion, with 309 samples. This result is due to the garden’s large scale, the widespread
distribution of its tiles, and the severe damage they suffered. The Lingering Garden and
the Lion Grove Garden each had 70 valid samples. The Master of the Nets Garden had
84 samples. The Canglang Pavilion had 81 samples, and the Couple’s Retreat Garden had

77 samples (Figure 6).
UNESCO ID Name & Location Coordinates Property  Acquisition time Quantity
05/15/2025
. N31 19 27.721
813-001 The Humble Administrator's Garden 5.195 ha 07/24/2025 309
E120 37 44.62

07/26/2025
3118 56.2 07/24/2025

813-002 The Lingering Garden N 2.331 ha /24 70
E120 35 33.515 07/26/2025

813-003 The Master-of-Nets Garden N311752.66 0.54 ha 05/15/2025 84
E120 38 2.418 07/24/2025
N31 17 41.348 07/24/2025

813-005 The Cangl Pavili 1.174 h 81
¢ -angiang Taviion E120 37 30.972 : 07/26/2025
31191591 05/15/2025

813-006 The Lion Grove Garden N 0.874 ha o 70
E120 37 44.191 07/24/2025
N31 18 58.324 05/15/2025

813-008 The Couple’s Retreat Garden 0.789 ha - 77
E120 38 19.028 07/24/2025

Figure 6. Image acquisition source and quantity.
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2.4. Methodology
2.4.1. Research Process

This study focused on the surface damage of reduction-fired cyan square bricks in
Jiangnan classical gardens. Using YOLOv12 object detection technology, we automatically
identified and classified damaged images and proposed an efficient and accurate solution
for analyzing ground damage. This research process consisted of six steps, as shown in
Figure 7.

3.Data labeling

Corridor s

xid zLG

00000000000 00000

Stains

4.Model training

| | [Output

YOLOvV12 Model Input Output
QLOY cde Result Detech%n Object

SER P Detection + Cleaning

Figure 7. Research methods and processes.

(1) Data collection: To ensure the effectiveness of the damage-type identification model
for the surface of reduction-fired cyan square bricks, this study strictly standardized the
sample collection process. The researchers used six classical gardens in Suzhou as sampling
points and entered typical scenes such as indoors, pavilions, and corridors to take photos.
These samples included major damage types, such as water stains, cracks, wear, and stains.
During the collection process, the researchers paid attention to shooting variables such
as lighting, angle, and distance to ensure the diversity and representativeness of the data,
thereby obtaining complete damage image data. After three months of multiple field
shootings, a total of 977 damage samples were obtained.

(2) Data processing: To ensure the effectiveness of YOLOv12 model training, the
images need to be standardized. The researchers adjusted the size of all collected images
to 512 x 512 pixels and set the resolution to 96 dpi. These settings can eliminate the
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interference of image size, clarity, and other issues on model training from the source.
This allows each sample to participate in training under the same technical parameters.
In addition, the researchers screened each unqualified sample for blurry images caused
by instantaneous lens shaking during the shooting process and color deviation caused by
light changes. The researchers deleted invalid images, and for valid samples missing in
key scenes, professionals were arranged to reshoot to ensure the integrity of the sample set.
After systematic shooting, layer-by-layer screening, and data processing, the researchers
finally identified 691 valid reduction-fired cyan square brick photos as machine learning
training samples.

(3) Data labeling: To enable the model to accurately identify the type and specific
location of damage to reduction-fired cyan square bricks, the research team used the
AnyLabeling professional labeling tool to perform detailed manual data labeling on the
floor tiles. The labeling work was completed by several architects and cultural relics
experts. The researchers carefully observed each pre-processed image; accurately located
the damage for four typical types of cracking, stains, water stain, and wear; and generated
standard labels. Each sample has a corresponding damage type and a specific location.
After the initial labeling, the team conducted three sample labeling checks and proofreading
to ensure the accuracy of the labeling.

(4) Model training: This study trains the surface damage detection of reduction-fired
cyan square bricks based on the YOLOvV12 framework. Following the YOLOv12 model
training framework, the labeled data is input into it for training. YOLOvV12 uses the
backbone (backbone network), neck (neck network), and head (head network) training
links [35,36]. The backbone (backbone network) consists of the Conv (convolution layer),
C3k2, and A2C2f modules. C3k2 is used for auxiliary feature extraction, and A2C2f is used
for feature extraction, further processing, and refining features. The neck (neck network)
Contains the Concat (splicing layer), Upsample (upsampling layer), and A2C2f modules.
The features extracted by the backbone are fused and adjusted. Through upsampling and
splicing operations, feature information at different levels is integrated to enhance feature
expression. The head network consists of multiple detection layers, which are responsible
for the final target detection task and output the category and location information of the
detected target. Please refer to Appendix A for the operating environment parameters of
the model.

(5) Model testing: To verify the effect of model training, the researchers tested
the trained model. The overall verification indicators include precision, the recall rate,
mAP@0.5, mAP@0.5:0.95, and the comprehensive fitness index (Fitness). To evaluate the
model’s detection effect on specific damage types, researchers drew the model’s precision—-
recall curve and calculated the mAP@0.5 for each category. It can intuitively reflect the
changes in precision and recall rate under different confidence thresholds, revealing the
detection difficulty and model adaptability.

(6) Model application: This study proposes a ground intelligent detection application
model that takes into account the unique properties of the reduction-fired cyan square
bricks in Jiangnan classical gardens and the actual needs of protection work. Its technical
path is to embed the trained algorithm model into a ground intelligent detection terminal
with a cleaning function, making the terminal an intelligent detection system that inte-
grates technology for identifying ground damage and cleaning functions. In this way, an
intelligent detection device that utilizes technology for identifying ground damage and
has a cleaning function is created. In actual operation, it can enable garden management
personnel to protect floor tiles more conveniently. Through the intelligent system, the status
of reduction-fired cyan square bricks can be monitored in real time, and targeted repair
and maintenance plans can be formulated.
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2.4.2. YOLOvV12 Model Structure Design

This research is based on the YOLOv12 model structure, which enables robust, real-
time, and high-precision identification of subtle surface damage to floor square bricks
in complex garden environments. Jiangnan gardens are characterized by high humidity,
complex textures, and significant lighting variations. Compared to traditional manual
inspections, the convolution-attention hybrid nondestructive inspection model can au-
tomatically screen for various surface defects, including cracks, stains, water stains, and
wear, without disturbing the heritage site itself. It is particularly effective in detecting
low-contrast, small-scale objects and interfering with background textures.

YOLOV12’s overall structure follows the classic three-part backbone, neck, and head
but introduces enhanced feature modeling and cross-scale fusion units at key locations.
The backbone extracts multi-scale texture and structural features, while the neck aggregates
semantics and details at different resolutions through top-down and bottom-up approaches.
The head performs joint classification and regression predictions on multi-scale feature
maps. As shown in Figure 8, the model starts with an input (512 x 512 x 3) and undergoes
multiple strided convolutions and residual block downsampling to form a pyramidal
feature representation from high-resolution details to low-resolution semantics. Upsam-
pling, concatenation, and attention enhancement are then used to enable information flow
between scales, ultimately outputting multi-scale detection results for four types of damage
identification. The following are the training settings for the three key components in the
model structure. Please refer to Appendix B for the structural parameters of the model.

C3k2 (128,128,384)

Conv (64,64,384) Concat (32,32,1536) A2C2f (32,32,768) Conv (16,16,768) Concat (16,16,1536)

Conv (128,128,192)

) A2C2f (32,32,768)

Conv (256,256,96)

Concat (32,32,1152)

Head

A2C2f (32,32,768) CV2[1] (32,32,64)

CV3 (64,64,13) CV3([2] (16,16,13)

Figure 8. YOLOvV12 model structure design.
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(1) The backbone structure employs Conv and C3k2 stacking, which enhances the
preservation of details and the transfer of gradients on complex brick surface textures.
In the studied model, the input is subjected to two stride convolutions to obtain scale
representations such as (256, 256, and 96) and (128, 128, and 192). Subsequently, C3k2
residual-style aggregation (such as (128, 128, and 384), (64, 64, and 768), etc.) is used
to suppress invalid textures through group convolution and layer-by-layer fusion while
retaining key clues such as crack edges and wear pits. In the deeper layer, A2C2f and its
internal AAttn are introduced, and local attention and lightweight MLP are superimposed
on the convolution backbone to highlight the discriminant signal of suspected diseased
areas in low-contrast and noisy backgrounds.

(2) The neck combines Upsample, Concat, A2C2f, and C3k2 to construct a multi-scale
representation that is more friendly to small targets and fine textures. As the model reflows
from the high semantic layer, it injects edge and texture details from the shallow layer
into the fusion pipeline. The sequence from Upsample and Concat to A2C2f significantly
improves the distinguishability of fine cracks, multi-morphological water stain edges, and
scattered oil stains.

(3) The head uses multi-branch convolution (CV2/CV3) for parallel prediction at
multiple scales and combines DFL (distribution focal loss) to improve the fine-grained
accuracy of bounding box regression. In the model of this study, the detection heads of
the three scales are all composed of a series of deep and shallow groupable/depthwise
separable convolutions followed by a 1 x 1 output layer. Classification and regression are
collaboratively optimized on the same feature map; DFL improves boundary regression
from point estimation to distribution estimation, which is more friendly to targets with
irregular shapes and lengths/thicknesses across the grid, such as fine cracks, missing
corners, and worn edges.

In the real-world environment of Jiangnan gardens, objects often exhibit low-contrast,
small-scale, and non-rigid shapes, while previous models (e.g., YOLOv5 and YOLOVS)
struggle with the rich textures and crack patterns in the background. This model utilizes
attention enhancement with A2C2f + AAttn, efficient modeling through grouping and
depthwise separable convolutions, and a neck design that employs multiple upsampling
concatenations followed by attention and residual reinforcement. The above technique
allows the model to achieve enhanced discrimination of stains, shadows, and material
noise while minimizing misjudgments of cracks, seams, and pavement lines, all while
maintaining real-time performance. In contrast, the backbone and neck of YOLOVS are
more traditional, limiting their expressiveness on subtle boundaries and heterogeneous
backgrounds. While YOLOVS has evolved in its architecture, its default fusion and attention
configurations remain insufficient for scenarios like this, where low-contrast, fine objects
are combined with strong texture interference. Therefore, without sacrificing inference
speed, YOLOV12 provides a more robust detection basis for multiple types of surface
damage on reduction-fired cyan square bricks.

3. Results
3.1. Model Training Process

This study trained a model for detecting surface damage in reduction-fired cyan square
bricks within the YOLOv12 framework. The model training parameters for this study are
shown in Table 1 below. Training was performed based on the pretrained YOLOv12x
weights. CUDA was enabled, using a 512 x 512 input size and a batch size of 16 for
500 epochs. The SGD optimizer with a cosine annealing learning rate strategy was used.
Momentum was set to 0.937, and weight_decay was set to 5 x 10~ to stabilize convergence
and suppress overfitting. Warmup_epochs = 5 was used to mitigate initial gradient oscilla-
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tion. AMP mixed precision was enabled with 16 workers to improve data pipeline and com-
putational efficiency. Validation was enabled throughout the training process to monitor
mAP50-95, precision, and recall. In terms of parameter exploration, we tried AdamW with
stepwise learning rates (step LR), as well as combinations of [0 € {5 x 1073, 2 x 10’2},
momentum € {0.90, 0.98}, weight_decay € {1x107%, 1x 1073}, warmup € {0, 3},
imgsz € {416, 640}, and batch € {8, 24}. Results showed that the current configura-
tion performed most robustly on the validation set: SGD + cosine exhibited less overfitting
than AdamW. While imgsz = 640 slightly helped with very small targets, it was computa-
tionally expensive and resulted in increased convergence volatility. Batches greater than 16
were susceptible to GPU memory limitations, while batch = 8 resulted in unstable statistics
and slightly reduced accuracy. To improve training efficiency and reduce video memory
usage, mixed precision training (AMP) was used in the experiment, and the validation
set was evaluated after each round to ensure that performance indicators and model con-
vergence could be monitored in real time. In summary, the hyperparameters used in this
paper represent a compromise between efficiency, stability, and accuracy.

Table 1. Model training parameters.

Item Setting Item Setting
Model YOLOvI2x Input size 512 x 512
(pretrained)
Batch size 16 Epochs 500
Optimizer SGD Initial learning rate 1.0 x 1072
Final learning rate 1.0 x 1074 Momentum 0.937
Weight decay 5.0 x 1074 LR schedule Cosine annealing
Warm-up epochs 5 Mixed precision AMP

As shown in Figure 9, the curve trend shows that the validation loss (including
bounding box regression, classification, and distribution regression) gradually stabilizes
in the second half of training and reaches a minimum value of 4.712 at the 189th epoch,
indicating that the model has achieved optimal performance in terms of overall error control.
Furthermore, detection performance metrics remained relatively stable after reaching peaks
in the middle phase: precision reached a peak of 0.757 at the 138th epoch; recall reached
0.656 at the 146th epoch, and average precision (mAP50-95) reached 0.389 at the 159th
epoch. Overall, the model achieved relatively stable performance in the middle and late
stages, maintaining a reasonable balance.

In terms of model selection, this study selected the weights of four key training nodes
for subsequent testing to comprehensively examine the model’s performance across various
performance metrics. Specifically, the models from the 138th epoch (highest precision),
the 146th epoch (highest recall), the 159th epoch (highest mAP50-95), and the 189th epoch
(lowest validation loss) were retained and named Model A, Model B, Model C, and Model
D, respectively (Table 2). This strategy not only facilitated comparisons across different
metrics in subsequent experiments but also provided a diverse reference baseline for further
analysis of stability and generalization performance.
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Figure 9. Numerical records during model training.

Table 2. Four key training nodes for subsequent testing.

Model Name Four Key Training Nodes Characteristics
A the 138th epoch highest precision
B the 146th epoch highest recall
C the 159th epoch highest mAP50-95
D the 189th epoch lowest validation loss

3.2. Model Testing Results

This study systematically evaluated the performance of four key models (A, B, C, and
D) to verify their applicability to detect damage on tile surfaces. To ensure consistency
across the tests, this study used a unified validation set to compare the models’ performance
across various metrics.

In terms of overall model performance, the metrics used include precision, recall,
mean average precision (mAP@0.5 and mAP@0.5:0.95), and a comprehensive fitness metric
(Fitness). As shown in Figure 10, the four models demonstrate their respective strengths
and weaknesses. Model A achieves the highest precision (precision = 0.757), demonstrating
its effective ability to suppress false detections. Model B excels in recall (recall = 0.655),
demonstrating its broader coverage of potential impairments. Model C achieves the
best performance in both mAP@0.5 (0.667) and mAP@0.5:0.95 (0.389), demonstrating its
stability in both object localization and multi-threshold detection tasks. Model D, while not
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achieving the highest performance in any individual metric, maintains relatively balanced
performance across all metrics.

Comparison of YOLOv12 Stage Models
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Figure 10. Comparative analysis of overall model indicators.

To further evaluate the effectiveness of different models for detecting specific damage
types, this study plotted precision-recall curves for four candidate models and calculated
the mean average precision (mAP) at 0.5 for each category. Compared to overall metrics,
the precision-recall curve more intuitively reflects the changing trends in a model’s pre-
cision and recall at different confidence thresholds, revealing the detection difficulty and
adaptability of each category.

As shown in Figure 11, all four models achieved high mAP values for cracks and
wear. Model C achieved a score of 0.781 for crack detection, and Model D achieved a
score of 0.735 for wear detection. This suggests that the models detect damaged types
with distinct linear features or clear boundaries more easily. In contrast, the detection
performance for stains and water stains was generally lower, with mAP values for all
four models ranging from 0.47 to 0.62. Stains, in particular, were consistently the most
challenging type to detect. The difficulty may be due to their texture features being close to
the background, their morphology being highly variable, and their annotated boundaries
being blurred. Overall, Model C achieved an average mAP@0.5 score of 0.667, maintaining
the best overall performance among the four models. Models A and D achieved relatively
similar overall performances, while Model B maintained a relatively balanced performance
across all categories.

Furthermore, the confusion matrix reflects the proportion of each type of damage that
is correctly identified or misclassified as another category during the prediction process, re-
vealing the strengths and weaknesses of the model in multi-class detection tasks. As shown
in Figure 12, the diagonal values indicate that cracks and wear are generally well identified,
while stains and water stains still exhibit significant confusion. For example, Model A
achieves an accuracy of 0.73 for cracking and 0.76 for wear, but only 0.67 for stains, with
0.32% misclassified as background. Model B improves its performance for cracking to 0.78.
Model C demonstrates the most balanced overall performance across multiple categories,
achieving 0.73 and 0.77 for cracking and wear, respectively, and maintaining 0.60 and 0.65
for water stain and stains. In contrast, Model D achieves the lowest accuracy for stains, at
only 0.51, and the highest misclassification rate for background (0.47), demonstrating its
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Precision-Recall Curve

limited robustness against complex background interference. A further comparison reveals
that background classification is a key factor influencing overall performance. Consistent
with the PR curve results in the previous section, stains and water stain remain the most
challenging categories; while cracking and wear maintain high consistency and stability
across all models.
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Figure 11. Comparative analysis of model precision-recall curves.

To verify the model’s fit on the training data, this study selected a portion of the train-
ing set samples for testing, with the results shown in Figure 13. By comparing the prediction
performance of the four candidate models on the same image, we can further observe the
model’s recognition accuracy and confidence distribution for different damage categories.

From the overall performance perspective, all four models can accurately identify
target damage in the training set, but there are differences in performance in different
categories and scenarios. In the sample of Figure 13(1), all four models can detect multiple
water stains, but the number and position of the prediction boxes of Models A and C
are more consistent with the actual damage area, with confidence levels in the range
of 0.44-0.81, while Models B and D have some box overlaps or low confidence levels.
Figure 13(2) shows a combined scene of cracks and stains. All four models correctly
identify the main cracks, and the confidence levels are all above 0.70. However, in the
detection of stains, the predictions of Models C and D are more stable (confidence levels
0.77 and 0.84), while the detection box boundaries of Models A and B are not accurate
enough. The results in Figure 13(3,4) further reflect the differences between the models: in
terms of crack detection, all four models can output stable results, but in the identification
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Predicted

Predicted

of water stains and stains, the confidence levels of Models C and D are generally higher
than those of Models A and B, and the number of false detections is smaller.
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Figure 12. Model confusion matrix comparison analysis.

To further verify the generalization ability of the model in real scenes, this study used
the original images newly collected on-site (4284 x 5712 pixels, straight out of the camera)
for testing, and the results are shown in Figure 14. In Figure 14(1), Model A only identified
the crack in the upper-right corner, with the least detection. Model B can identify the
cracks in the middle and upper parts but misses the crack in the lower-left corner, and
water stain recognition is inaccurate, and the water stain in the upper-left corner is not
detected. Model C is similar to Model B and also has the above omissions; Model D also
has missed detections but can recognize the water stain in the upper-left corner and detect
the crack in the lower-left corner. In Figure 14(2), the results of Model B are relatively
accurate. Although the crack in the lower-right corner is missed, the rest of the stains
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Model A

and cracks are correctly identified; Model A and Model D mistakenly identify the toes
of the photographer on the left side of the picture as cracks; Model C can identify the
main damage but misses the stain in the upper-right corner and can detect the crack in the
lower-right corner. Figure 14(3) shows that Model C has the most accurate results, achieves
the least missed detections, and basically covers all damage types. In comparison, Models
A, B, and D all have different degrees of missed detections, with Models A and B having
the most obvious missed detections. In Figure 14(4), only Model C can accurately identify
five water stains in the image, while the other models have different degrees of missed
detections. It should be noted that Model C also missed a crack mark, and Model D also
misidentified an area as wear.

Water Stain 0.81

Model B Model C Model D

Water Stain 0.7

e

Figure 13. The test results of the model in the training set. (1-4) represent the detection results of the
model for different reduction-fired cyan square bricks.
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Figure 14. Test results of the model in real scenarios. (1-4) represent the detection results of the model
for different reduction-fired cyan square bricks.

In summary, this study systematically evaluated the performance of four candidate
models (A, B, C, and D) in tile surface damage detection. The results indicated that
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Model A achieved the highest precision (precision = 0.757), Model B achieved the best
recall (recall = 0.691), Model D offered balanced performance but suffered from insufficient
robustness, and Model C led in comprehensive metrics (mAP@0.5 = 0.667), maintaining
stability in multi-class detection and demonstrating the strongest generalization ability
in complex backgrounds. Combining overall metrics, class discrimination, training fit,
and real-world testing, Model C outperformed the other models in accuracy, stability, and
adaptability. Therefore, it is suitable for further application and provides reliable support
for automated floor damage detection.

4. Discussion

Jiangnan gardens, a vital part of world heritage, feature paving made of reduction-
fired cyan square bricks (RCSBs). These bricks not only embody the garden’s spatial layout
and cultural heritage but are also frequently used by visitors and exposed to the elements.
Long-term wind and rain erosion, along with heavy foot traffic, commonly cause wear,
cracking, water stains, and other damage to the tiles. If neglected, these damages not only
jeopardize the floor’s esthetics and safety but also hasten the deterioration of the heritage
material. Therefore, developing an intelligent, non-contact, and quantifiable RCSB damage
detection method has become a crucial task in cultural heritage preservation. Based on the
YOLOv12 model, this study attempts to construct a comprehensive process from image
input and feature extraction to damage segmentation and statistics, providing a technical
path for the monitoring and preventative protection of RCSBs in gardens.

4.1. Application in Actual Scenarios

As shown in Figure 14, in the test experiment (Figure 15(1-4)), this study used the
same 512 x 512-pixel samples in the training phase to perform inference detection on
representative damage types. The results show that the model can stably identify multiple
types of damage. In the cracked sample in Figure 15(1), the thermal map shows that the
backbone, neck, and head of the model all produced concentrated responses in the crack
area. The segmentation module effectively outlined the crack boundary, and the statistical
module further calculated the number and area of the cracks. In the water stain and stain
samples in Figure 15(2), the model can distinguish between local dark water stains and the
background. In the complex surface sample in Figure 15(3), the model can still lock the main
crack and pollution areas under conditions of more interference, showing a certain degree
of robustness. In Figure 15(4), the model identified a large area of water stains, verifying
its applicability in heavily polluted environments. Overall, the thermal response and the
segmentation results show a favorable correspondence, indicating that feature aggregation
at each level of the network can effectively support the final recognition and counting.

Furthermore, this study’s method not only provides typological identification of
reduction-fired cyan square brick damage but also achieves quantitative output through
segmentation and counting, which has direct implications for project management. Com-
pared to traditional methods that rely on manual visual inspection, Al-based inspection
can significantly improve efficiency in large-scale garden reduction-fired cyan square brick
inspections and reduce subjective bias in human judgment. More importantly, heatmap vi-
sualization provides diagnostic evidence for subsequent research, aiding in understanding
the model’s focusing mechanism and serving as a reference for manual inspections.
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Backbone Segmentation

Figure 15. The detection process and results of the model on the ground of Jiangnan gardens.
(1-4) represent the detection results of the model for different reduction-fired cyan square bricks.

4.2. Design of Ground Intelligent Detection Equipment

In response to the characteristics and protection needs of Jiangnan classical garden’s
reduction-fired cyan square bricks, this study designed an intelligent ground detection
application model. The trained algorithm model can be embedded in an intelligent ground
detection terminal with cleaning capabilities [37], creating an intelligent detection device
that can not only identify ground damage and but also provide cleaning capabilities
(Figure 16).

In terms of inspection capabilities, the intelligent inspection equipment is equipped
with a high-resolution camera and an infrared thermal imaging module. The camera can
capture visual damage such as wear, cracks, water stains, and stains. Furthermore, it can
be equipped with LiDAR technology to construct a three-dimensional model of surface
damage on reduction-fired cyan square bricks, accurately measuring the size and depth of
the damaged area and providing a quantitative basis for subsequent repairs.
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Figure 16. Design strategy for the ground intelligent detection application model.

In actual use, the device is designed with dual modes of local storage and cloud
synchronization. For example, during operation, the device saves inspection data and
cleaning records in real time. Furthermore, when network conditions permit, the data is
uploaded to the cloud platform for landscape management in real time. Managers can log
in to the platform via a computer or mobile device to view inspection reports and cleaning
status, clearly understanding the overall condition and cleanliness of the reduction-fired
cyan square bricks. The platform automatically issues an alert when it detects severe
damage, prompting managers to promptly address it. Repair personnel can assign suitable
materials for localized surface repairs to address minor wear issues. Severe cracking and
extensive damage require replacements. The 3D model data provided by the device enables
craftsmen to precisely prefabricate replacement tiles, reducing on-site work time. After
the repair is completed, the intelligent inspection equipment will focus on monitoring the
repaired area during the next inspection to assess the quality and ensure that the repair
meets requirements and the surface is clean.

Researchers believe that the integration of artificial intelligence and intelligent ground-
based inspection equipment will provide an efficient and sustainable approach for mon-
itoring and protecting the reduction-fired cyan square bricks in Jiangnan gardens. This
closed-loop process of “cleaning-inspection-repair-re-monitoring” can promptly detect and
address damage to the reduction-fired cyan square bricks in Jiangnan classical gardens
while maintaining the pristine surface of the bricks. This technology-driven inspection
model is significant to world heritage and provides garden managers and artisans with a
foundation for restoration and convenient inspection tools.

5. Conclusions
5.1. Research Discovery

This study aims to address the problem of surface damage that is prone to occur in
the reduction-fired cyan square brick pavement in the Jiangnan garden world heritage

scene under the dual effects of long-term humidity, heat, and high traffic, and it proposes
a non-contact, automated intelligent detection solution. The purpose of this study is to
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achieve robust recognition of four types of damage, namely cracking, stains, water stains,
and wear, while maintaining good generalization under complex textures and low-contrast
backgrounds. In terms of methodology, a multi-scene dataset was constructed, and end-to-
end training was performed at a scale of 512 x 512 using YOLOv12 as the backbone. Four
types of models were selected according to key training nodes for comparison and tested
on multiple sets of data. The main conclusions of this study are as follows: (1) In terms
of the overall indicators of the validation set, Model C achieved the best comprehensive
accuracy (mAP@0.5 = 0.667), taking into account both precision and recall. (2) Analysis of
the PR and confusion matrix by category showed that cracking and wear were easier to
distinguish, while stains and water stains were generally low (mostly between 0.47 and
0.62) due to the influence of boundary blur and texture similarity. Model C had a more
balanced diagonal accuracy in the confusion matrix and significantly lower background
confusion. (3) In the training set samples and the original site images, Model C had the
lowest missed detection rate and remained stable in the scene with multiple damage types,
reflecting the best generalization ability and engineering usability. At the same time, the
shortcomings of this study are as follows: the data scale and category are unbalanced; the
recall of stains and water stains under extreme lighting and shadows is still limited, and
currently only two-dimensional representation information is provided.

5.2. Limitations and Future Work

However, the limitations of this study still need to be viewed objectively: (1) Although
the model performs well in typical samples, it may still produce misjudgments or missed
detections under extreme lighting conditions, complex shadows, or severely weathered
reduction-fired cyan square brick surfaces. (2) The scale and diversity of training data
are still limited. In the future, more garden reduction-fired cyan square brick samples
from different environments and ages need to be introduced to enhance the generalization
ability of the model. (3) The output of the model is currently mainly concentrated at the
two-dimensional image level. It is not yet possible to fully characterize three-dimensional
features such as the depth of cracks and the thickness of wear, limiting its application value
in structural safety assessments. (4) Although YOLOvV12 offers good detection accuracy
and speed, it is necessary to further explore its potential for integration with drone images,
three-dimensional scanning, and environmental monitoring data within the long-term
monitoring system of heritage protection to achieve a more comprehensive diagnosis and
early warning.

Future research can be carried out in the following directions: (1) Introducing multi-
scale feature fusion and domain adaptive training strategies: In terms of multi-scale feature
fusion, by constructing a fusion network containing shallow high-resolution features and
deep semantic features, the model can not only capture the detailed information of the wear
texture and tiny cracks on the surface of the tiles but also understand the macro-damage
characteristics such as large-area water stains and patchy stains, thereby improving the
recognition ability of damage of different sizes. (2) Implementing a category reweighting
mechanism: Considering that the number of samples of different damage types in the
training data may be unbalanced—for example, the number of common stain samples is far
greater than the number of rare long and thin crack samples—by dynamically calculating
the weights of each category of samples, a higher weight is given to damage types with
a small number of samples and high recognition difficulty, and attention is paid to these
categories during model training. (3) Constructing a multimodal (infrared /humidity) and
three-dimensional data acquisition fusion framework: In terms of multimodal data acquisi-
tion, in addition to conventional visible light images, the introduction of infrared images
can capture the temperature differences caused by damage inside the reduction-fired cyan
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square bricks. Humidity data can reflect the degree and range of water stain penetration,
providing more dimensional information for damage recognition. Three-dimensional data
acquisition uses laser scanning and other technologies to obtain three-dimensional point
cloud data of the floor tile surface, accurately characterizing three-dimensional morpho-
logical parameters such as crack depth and wear thickness. (4) Improvement of the loss
function and optimization of the post-processing algorithm for slender crack detection: The
model often overlooks slender cracks because of their narrow shape and unclear features.
In the improvement of the loss function, a loss term specifically targeting slender targets is
designed to increase the focus on crack edges and continuity, guiding the model to more
accurately locate and identify slender cracks. Through the above technical path, the recall
rate and precision balance performance of the model can be further improved, providing
more solid technical support for the long-term and normalized monitoring of heritage
protection scenarios.
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Appendix A. Experimental Environment

Table Al. Experimental environment.

Category Version Category Version
Windows 10 (22H2)
Operating System Professional Edition/ AMD64 Python 3.11.13
Architecture
Processor AMD Ryzen 79800X3D System memory 64 GB
8-Core Processor
Pytorch 2.7.0 + cul28 Torch cuda 12.8
NVIDIA GeForce RTX 5070

GPU Ti 16 GB CUDA 12.9.41
Flash attn 2.7 4.postl NumPy 1.26.4
Pandas 23.0 Matplotlib 3.10.3

OpenCV 4.9.0 Ultralytics 8.3.63
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Appendix B. Model Structure

Table A2. Model Structure.

Output

Channels Stride Notes

Stage Layer/Module

Conv 96

Conv (groups =2) 192

C3k2 (2 x C3k) 384

Conv (groups = 4) 384

Backbone C3k2 (2 x C3k) 768
Conv 768

A2C2f (4 x ABlock) 768

Conv 768

A2C2f (4 x ABlock) 768

Upsample + Concat -
A2C2f (2 x C3k) 768
Upsample + Concat -
A2C2f (2 x C3k) 384
Conv 384
Concat + A2C2f (2 x C3k) 768
Conv 768
Concat + C3k2 (2 x C3k) 768

Stem conv
Downsample
Bottleneck blocks
Downsample
Bottleneck blocks
Downsample
Attention-enhanced
Downsample
Transformer-like

P NP NP NRPL,NODN

Feature fusion
Fusion block
PANet-like fusion
Fusion block
Downsample
Fusion block
Downsample
Fusion block

(=L

Neck

— N RN

3 detection scales,

Head Detect - - with DEL
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