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Abstract: To ensure realistic crack effects on the complex surfaces of high-rise concrete structures
and meet the demands of small-sample target detection, a small-sample target detection method for
surface cracks in high-rise concrete structures is proposed under multi-level transfer learning. A
two-dimensional maximum entropy threshold segmentation method is employed to segment im-
ages of high-rise concrete structures. After obtaining the target image, crack connectivity area filter-
ing and crack linearity and rectangularity filtering are applied to remove isolated noise points. A
multi-level transfer learning architecture is constructed by integrating multi-scale hybrid temporal
convolutional networks, long short-term memory neural networks, and Attention mechanisms to
generate distinct transfer learning hidden layers. Processed images are input as source domain data
into this architecture, enabling knowledge transfer through the generated multi-level hidden layers.
After small-sample hierarchical training, shared features between source and target domains are
extracted. A cosine classifier outputs the crack category detection results for high-rise concrete struc-
tures. Test results demonstrate that this method accurately captures the irregular contours of mesh
cracks and effectively distinguishes crack regions from backgrounds. It efficiently removes isolated
point noise in images, maintaining smoothness metrics consistently between 0.008 and 0.015. The
approach adapts to detecting cracks of diverse morphologies and categories.

Keywords: Multi-level transfer learning; High-rise buildings; Concrete structures; Surface cracks;
Small samples; Object detection

1. Introduction

Surface cracks in high-rise concrete structures serve as early warning signs of struc-
tural failure. If not promptly detected and repaired, these cracks may trigger chain reac-
tions—such as reduced load-bearing capacity and reinforcement corrosion —under exter-
nal forces like earthquakes [1], ultimately leading to catastrophic consequences like build-
ing collapse. However, cracks in high-rise concrete structures exhibit complex and diverse
morphologies, including shrinkage cracks [2], temperature cracks, settlement cracks, and
others. The causes, morphological characteristics, and severity of damage vary signifi-
cantly among different crack types. Furthermore, the inspection environment is challeng-
ing: the building facades are subject to interference from factors like changing sunlight,
surface stains, and material inhomogeneity, resulting in crack images with low contrast
and high noise. Furthermore, data acquisition is costly [3]. Annotating crack samples in
high-rise buildings requires involvement from professional structural engineers. Re-
strictions on building privacy protection limit the scale of publicly available datasets, re-
sulting in a scarcity of annotated samples—a classic case of small-sample data. Traditional
crack detection methods face significant limitations in small-sample object detection due
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to insufficient diversity and class imbalance in the data. They exhibit low detection effi-
ciency and susceptibility to subjective factors. Particularly in high-rise building facade in-
spections, the risks associated with high-altitude operations hinder large-scale implemen-
tation. Against this backdrop, achieving small-sample crack detection on high-rise con-
crete structures has become a critical research focus in structural safety monitoring and
management.

Nguyen et al. [4] developed a method for crack detection in target structures. Starting
with collected structural images, they employed image blending techniques to generate
hybrid samples. Using a small amount of labeled data, they trained an initial CNN model
to produce preliminary segmentation masks for cracks. This initial model was then ap-
plied to unlabeled domain data to generate high-confidence predictions as pseudo labels.
Subsequently, an inter-learning mechanism was introduced to capture global contextual
information, enhancing the model's understanding of the crack's overall structure and en-
abling precise localization of crack details. However, during application, this method may
lose detection of crack diffusion edges when cracks exhibit significant spreading and con-
nectivity. Shim et al. [5] aimed to detect cracks in concrete structures by acquiring stereo
image pairs of concrete surfaces. These image pairs were fed into a Generative Adversarial
Network (GAN). The generator produced accurate crack detection results, while the dis-
criminator distinguished between generated results and real annotated data. To ensure
the reliability of the discrimination results and avoid the limitations of a single discrimi-
nator, multiple discriminators were integrated. This approach combines the results from
multiple discriminators to determine the detection outcome, ensuring the reliability of
crack detection results in concrete structures. However, during application, this method
exhibits low efficiency for detecting cracks in large concrete structures and has limited
adaptability to different scenarios. If the labeled sample data is insufficient, the model
may fail to accurately detect cracks. Alamdari et al. [6] focused on precise concrete struc-
ture detection. Using a robot-based platform equipped with multiple sensors, they col-
lected surface data to construct a 3D point cloud model of the concrete surface. This ap-
proach identified macro-level elevation variations. Edge detection algorithms analyzed
the captured images to capture subtle crack textures and morphological features, to pre-
liminarily identify potential crack outlines. By integrating macro-level variations with de-
tailed features, they produced final crack morphology detection results. However, the ro-
botic platform faced significant limitations in application scenarios, struggling to adapt to
complex environments or building inspection requirements. Kumar et al. [7] proposed an
improved GrabCut detection method based on Sobel for automated concrete crack detec-
tion. This two-step model first segments crack regions using edge information detected
by the enhanced Sobel algorithm, combined with edge detection results for image seg-
mentation. The second step involves precise crack assessment. This evaluation integrates
the segmentation results into a web-based tool, which runs the crack detection algorithm
in the background and presents the results visually to the user, such as by marking the
crack locations. However, during application, the web tool's crack analysis capabilities are
relatively weak, potentially leading to poor detection of minute or blurred cracks.

Multi-level transfer learning represents an advanced form of transfer learning. Its
core principle involves constructing a multi-tiered knowledge transfer structure. During
the transfer process, knowledge transfer from the source domain/task to the target do-
main/task is divided into multiple levels (e.g., feature layer, parameter layer, semantic
layer, etc.), with each level undertaking distinct transfer functions [8]. This creates a hier-
archical knowledge transfer pathway, enabling models to achieve finer-grained and
deeper knowledge transfer across different tasks, domains, or modalities. Therefore, this
paper proposes a small-sample target detection method for surface cracks in high-rise
building concrete structures under multi-level transfer learning. This approach effectively
addresses the small-sample data bottleneck by leveraging multi-level transfer learning to
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extract crack image features from different layers of the building concrete structure,
thereby enhancing the reliability of crack target detection results.

2. Small-Sample Object Detection of Surface Cracks in High-Rise Concrete Structures
2.1. Image Segmentation of Surface Cracks in High-Rise Building Concrete Structures

Due to the limited number of crack samples available for training and recognition in
small-sample object detection, this paper employs image segmentation on surface cracks
of high-rise concrete structures. This approach ensures the reliability of subsequent crack
detection results by enabling the detection model to focus more on the intrinsic features
of cracks (such as shape, texture, and grayscale) while reducing interference from irrele-
vant background information. Consequently, the model can more effectively learn key
crack features from a small sample size. Surface cracks in high-rise concrete structures
exhibit minimal contrast with their backgrounds, while building surfaces often feature
color variations and other stains [9]. Addressing these characteristics, this paper employs
a two-dimensional maximum entropy threshold segmentation method to process the im-
ages of surface cracks in high-rise concrete structures [10]. This method accentuates the
contrast between cracks and background, identifies the optimal segmentation threshold
based on this contrast, and clearly separates cracks from complex backgrounds [11]. By
integrating two-dimensional information—pixel grayscale and neighborhood average
grayscale—it ensures that the segmentation process does not disrupt the crack propaga-
tion edges or connected regions.

If the surface crack image of a high-rise concrete structure is represented as g(x,y),

processing g(x,y) using both pixel grayscale values and neighborhood average gray-

scale yields its two-dimensional histogram ¢(x, y) . The calculation formula is:

3/2 3/2

g(x3)=2 3 3 g(xtvy+d) (1)

9 m=-3/2n=-3/2
Where: v and d are the corresponding gray values of g(x,y)and g¢(x,y), re-
spectively; v,d =0,...,L—1;9 is the total number of pixels within the 3x3 neighborhood of

the image.
Combining the calculation result of ¢ ( X, y) , the two-dimensional thresholding func-

tion f, is determined, with its calculation formula as follows:
) :{zo,g(x,y)Se,q(x,y)ﬁr 2
s g(xy)>eq(xy)>r

Where: (e,r) represents the two-dimensional threshold vector; z, and z denote

the grayscale values of the crack region and background region, respectively.
By combining (e,r) to segment ¢(x,y), it forms the target, background, and

boundary regions. The target and background regions occupy the largest proportions,
with significant differences in pixel grayscale values between their adjacent neighbor-
hoods. Therefore, to ensure effective image segmentation [12] and distinguish targets
from backgrounds, we design the probability distributions of pixel grayscale values for
targets and backgrounds. By integrating their posterior probabilities, we perform normal-
ization processing on other image regions to obtain the discrete two-dimensional entropy
0, calculated as follows:

0=->>"p.lgpr, ©))

v=Il d=1

Where: p,, denotes the joint probability density.
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Based on the calculated O, the total entropy function ¢(e,r) is computed using the

following formula:

O 0,-0,
) =1 1- +—L4=2 -1 4
p(er)=lg[p(1-p,)] PR (4)
¢ - e L-1 L-1
Where: p, = ;;pm ;0= _Z:;;Pvd lgp,;: O,= _Z:;,dzz:,pvd Igp, -

Obtain the maximum value of ¢(e,r) to derive the optimal threshold vector (e,7)

for the image, calculated as:

(&.7)=, max e(er) G)
Combine the optimal threshold vector to complete target and background segmen-
tation [13], thereby obtaining the final concrete surface crack target image 7(x,y). Use

this segmentation result as input for subsequent processing.
2.2. Image Filtering of Surface Cracks in High-Rise Concrete Structures

Cracks in high-rise concrete structures exhibit complex and diverse characteristics
[13], including shrinkage cracks, temperature cracks, settlement cracks, and other types.
The causes, morphological features, crack propagation, and connectivity of different
cracks all exhibit certain differences. Therefore, to ensure effective detection of cracks with
different morphologies and propagation states prior to small-sample target detection of
surface cracks in high-rise concrete structures, this paper applies filtering to segmented
target images. This processing primarily involves two aspects: crack connected area filter-
ing and crack linearity and rectangularity filtering. Details of both filtering methods are
described below:

(1) Crack Connected Area Filtering;:

Images captured from the surface of high-rise concrete structures are influenced by
shooting conditions (such as lighting and dust) or the inherent performance of the imag-
ing equipment. This can affect the illumination and color of the captured images, intro-
ducing isolated noise points. Although crack regions typically possess a certain scale, if
the cracks are minute, these isolated noise points can compromise the accuracy of subse-
quent crack detection. Therefore, this paper applies area filtering to images based on the
premise that cracks on high-rise concrete structures possess a certain area scale. This pro-
cessing removes isolated point noise within the crack area.

If the connected regions of cracks in the segmented image /(x,y) of the high-rise

concrete structure surface are denoted as L (x, y), the number of crack connected regions

is N, and the connected crack area is represented as 4, , the calculation formula are:

4; zzzl‘i(xay) (6)

0,4
it

Where: 4, represents the threshold used to identify isolated pointnoise, i=1,2,...,N.

(2) Crack Linearity and Rectangularity Filtering:

Surface cracks in concrete structures exhibit distinct linear characteristics, such as
horizontal and vertical cracks, which propagate linearly. Consequently, the aspect ratio of
cracks exceeds that of isolated point noise clusters, and these clusters display pronounced
convexity. Based on this, the paper defines the aspect ratio of the crack's bounding rectan-
gle H, tocharacterize this convexity. By employing an aspect ratio threshold f, anda

rectangularity threshold B , it precisely removes blocky noise. This approach avoids the
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issue of incorrectly filtering out some diagonal cracks and network cracks (which have
smaller aspect ratios) when using aspect ratio filtering alone.
If the rectangularity of the fracture-connected region is denoted as B,, the fracture

line and rectangularity filtering formulas are:

A
B =2 8
5 ()
S,
H =—\ 9
=7 ©)
0,H, < HyandH, > H
L (xy)= "0 S T = (10)
1, other

Where: ;ji denotes the area of the crack's bounding rectangle; S. denotes the

length of the crack's bounding rectangle; £, denotes the width of the crack's bounding rec-

tangle.

Combining the above completes the image filtering process for surface cracks in high-
rise concrete structures. Area filtering, crack line shape filtering, and rectangularity filter-
ing effectively remove isolated noise points from the images. The processed images retain
minute cracks, diagonal cracks, and networked cracks [ (x,y), providing reliable basis

for subsequent crack detection.
2.3. Concrete Surface Crack Detection Based on Multi-Level Transfer Learning
2.3.1. Overall Structure of the Multi-Level Transfer Learning Detection Method

Each hidden layer in the transfer learning architecture corresponds to a feature. Due
to the limited sample size of surface images for high-rise concrete structures, features from
a single hidden layer are insufficient [14,15] to comprehensively capture crack character-
istics. This limitation prevents detection results from fully representing the geometric
morphology of concrete cracks, such as continuity, tip morphology, and overall orienta-
tion. Therefore, this paper integrates multi-scale hybrid temporal convolutional networks
(TCN), BiLSTM, and Attention mechanisms to generate distinct hidden layers.
Knowledge transfer occurs through these layers, enhancing the transfer learning method's
ability to extract target deep features [16]. The overall structure of the concrete structure
surface crack detection method based on multi-level transfer learning is shown in Figure
1.

Source Target
domain domain

Small sample hierarchical training

v

Common feature extraction

v

Domain classifier

v

Crack detection

Figure 1. Overall structure of concrete structure surface crack detection method based on multi-
level transfer learning.

The task of small-sample object detection for surface cracks in concrete structures
involves learning relevant knowledge from the source domain dataset and transferring
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this knowledge to the target domain task using a limited target domain dataset. If the
target task training set is denoted as X, and the target task test set as X, , the primary func-

tion of the test set is to evaluate the algorithm's generalization capability on small samples.
Based on this, the dataset for the high-rise concrete structural surface crack small-sample
object detection task y comprises three parts: X,, X, and X, . Where, X, represents the

source domain target categories, while X, and X, collectively form the target domain da-
taset y for the concrete structural surface crack small-sample detection task. The formulas
for each dataset are:

X=xUX,

X, =X,UX

X=Xx,UM, (11)
X :{[i(x,y),c}g eG,c EC}

c= {(cj,lj),j = 1,2,...,M}
Where: [ (x,y) denotes the input target image; ¢, denotes the candidate region in

the input image; the corresponding crack category is denoted by /,; as denotes the total
number of categories.
2.3.2. Feature Extraction Based on Multi-Level Transfer Learning

Multi-level transfer learning for small-sample target detection of surface cracks in
high-rise concrete structures primarily employs TCN, BiLSTM, and Attention mecha-
nisms to generate distinct hidden layers for multi-level knowledge transfer. This process
acquires knowledge from the source domain X, and the learning task (concrete surface
crack detection), thereby providing transferable knowledge for subsequent crack detec-

tion tasks in the target domain. The feature extraction workflow based on multi-level
transfer learning is illustrated in Figure 2.

Source domain Target domain

Small sample

Small sample

|

|

! . . ..
hierarchical training i hierarchical training
|
|

Common feature

I
Common feature !
} extraction
I
I
I
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Attention mechanism ---- » Attention mechanism
v v
Fully connected layer |---- P Fully connected layer
v ) 4
Cosine classifier ---- »  Cosine classifier
v
***** »  Migration Test results
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Figure 2. Feature extraction process based on multi-level transfer learning.

Feature extraction based on multi-level transfer learning involves learning across
multiple hidden layers. The overall process can be divided into three stages: small-sample
hierarchical partitioning, common feature extraction, and crack target detection. The pri-
mary purpose of small-sample hierarchical partitioning is to partition the source domain
image data into an array of data, where the number of groups matches the number of
layers in the method. After partitioning, each layer corresponds one-to-one and is trained
sequentially. Common Feature Extraction primarily aims to map source and target do-
main data from their original feature spaces into a shared latent space [17]. This enables
extraction of a common representation across all domains, thereby obtaining low-level
domain-invariant features to ensure effective detection of minute cracks. Crack target de-
tection employs a cosine classifier to identify cracks, determine their categories, and out-
put detection results. Details of each component are described below:

(1) Small-Sample Hierarchical Training:

The target domain dataset § for small-sample crack detection on concrete struc-
tures—comprising X, and X, — is partitioned. This partitioning follows a hierarchical
structure from lower to higher levels based on multi-level transfer learning. The parti-
tioned data is denoted as { X, X, X K} , where g represents the number of groups cor-

responding to the number of levels in the multi-level transfer learning.
After partitioning, attention training begins with the lower-level data X, using

TCN. Specifically, the X, data is used to train the K, layer of the transfer learning

model. Upon completion, the weights of this layer are retained. After loading these
weights, the K, layer of the transfer learning model is trained using the data X, to ob-

tain its weights. The crack detection error is then compared between the two layers. If the
crack detection error of the lower layer is smaller than that of the upper layer, the upper
layer's weights are used as the initial training weights for the lower layer. Otherwise, the
lower layer's weights are used for training the next layer.

Repeat the above steps to complete training for all small-sample data. Use the train-
ing results as input X for subsequent layers for further processing.

(2) Common Feature Extraction:

Feature extraction is a critical step in multi-layer transfer learning, primarily aiming
to extract common feature representations between the source domain and target domain
through spatial mapping. To ensure the effectiveness of common feature extraction [18],
this paper employs LSTM for this feature extraction. In the detection of small-sample
cracks on concrete structures, data from the source domain and target domain may exhibit
differences in feature representations. LSTMs can map raw data into a common feature
space and, based on the distinct characteristics of concrete structures and crack data, ex-
tract more generalizable patterns from both domains. These patterns are not confined to
the current small-sample data, enabling the model to adaptively learn and extract com-
mon features [19]. This enhances the model's ability to detect cracks across diverse con-
crete structures and environmental conditions, improving its generalization capabilities.
Consequently, the model achieves more accurate crack detection even when confronted
with limited target domain data.

The results of the aforementioned small-sample hierarchical training % is fed into

the LSTM. By integrating the LSTM's forget gate, input gate, and output gate, common
features are extracted. The calculation formulas for each gate are as follows:

v :f(ﬁ)lz)?z +WIJ;[—] +b]) (12)

v, = (X, +3,5,, +b,) (13)
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= (W38, i, 4By (14)
Where: y,, w, and y, represent the output of the forget gate, the input gate, and
the feature extraction result of the output gate, respectively; 7 represents the activation

function; v’ and w, denote the weights between the forget gate and the input gate, and

o

between the forget gate and the historical output, respectively; w; and i, denote the

weights between the input gate and the previous output, and between the input gate and

A

the output gate, respectively; v and ), denote the weights between the output gate

and the input gate output, and between the output gate and the historical output, respec-
tively; b, b, and E} denote the bias terms for the forget gate, input gate, and output

gate, respectively; y, , denotes the crack state information from the previous time step.

When extracting common features between the source domain and target domain
through the aforementioned steps, to enhance its ability to capture features across differ-
ent concrete structures and environmental conditions [20], this paper introduces an adap-
tive penalty factor adjustment mechanism based on weight dispersion. The magnitude of
the penalty factor is dynamically adjusted according to the accuracy of crack detection
results and the degree of weight dispersion. If the weight dispersion of the LSTM is de-
noted as y , a higher value indicates greater weight dispersion, which may cause the

extracted common features to overlook fine-grained details. Conversely, a lower value
indicates more concentrated weights; excessive concentration may lead to extracted com-
mon features favoring fine-grained details while neglecting the overall feature distribu-
tion. The calculation formula for y  is:

2 = Jii(wk ) (15)

K_IK:1

Where: x denotes the number of weights; w_ represents the weight at position «;

w denotes the mean of the weights.
To reflect the crack detection accuracy of multi-level transfer learning, the detection
error variation rate A¢g is defined, calculated as follows:

E ,— €&
A€= 7+1 T 16
e (16)

Where: 7 denotes the iteration count.
Combining y and Ag determinesthe adaptive regularization factor 2 .This fac-

tor automatically adjusts weight magnitudes based on the LSTM's learning state to better
extract shared features. The calculation formula for 2 is:

A=Ay, (17)

We weights of each LSTM layer are adaptively adjusted based on the above formula

to ensure effective extraction of shared features between the target domain X and

source domain X, forthe small-sample detection task of surface cracks in concrete struc-

tures.

(3) Crack Object Detection:

This section integrates an Attention mechanism, a fully connected layer, and a cosine
classifier. The primary function of the Attention mechanism is to filter the extracted com-
mon features —specifically, to screen source domain features based on target domain task
requirements. It identifies key features closely related to the target domain task from a
large volume of source domain features, enabling better focus on critical characteristics
such as geometry and texture associated with cracks while ignoring irrelevant features,
thereby enhancing feature utilization efficiency. Traditional classifiers relying on fully
connected layers require sufficient training samples to find the optimal classification hy-
perplane between categories, which fails to meet the demands of small-sample detection
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tasks. Therefore, the paper adopts a cosine classifier. This classifier performs classification
by calculating the cosine similarity between candidate region features and category
weight vectors, making it more suitable for small-sample crack detection tasks. Because
cosine similarity focuses on the directional consistency of feature vectors, it can effectively
distinguish different crack categories by leveraging semantic directional information from
features, even with limited samples, thereby improving classification accuracy for crack
categories under small-sample conditions.

The extracted common features y, are fed into a fully connected layer. The cosine

classifier then calculates the cosine similarity 4, ; between the feature vector y, and
the category weight vector. The calculation formula is:
M, =p %
T
Where: w; denotes the weight vector for crack categories; B represents the scaling

(18)

factor.
Given a candidate region ¢, in the input image, where . =(z,,...,1,) denotes

the cosine similarity between its feature and the category weight vector, the probability
P, of the small-sample target category for surface cracks in high-rise concrete structures

is calculated as:
eln)
i c
- Yexn(n,)
j=1

Where: C denotes the number of crack categories.

(19)

Based on the calculation results from the above formula (19), the crack category can
be determined. The category with the highest probability value corresponds to the crack,
thereby completing the small-sample target category detection for surface cracks in high-
rise concrete structures.

3. Test Analysis

To evaluate the effectiveness of the proposed method for small-sample target detec-
tion of surface cracks in high-rise concrete structures, this study conducted relevant tests
using multiple 38-story residential buildings in a specific region. Analysis was based on
surface image data collected by the property management using drones. The collected
images primarily encompass multiple crack categories with diverse morphologies. Each
category features a limited number of annotated images —no more than 15 —representing
typical small-sample image data. The actual field environment of the high-rise building
under investigation is shown in Figure 3. Details of the collected small-sample data are
presented in Table 1.
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Figure 3. Actual collection environment of high-rise buildings on-site.

Table 1. Details of Small Sample Data Collected.

Serial Sample quantity/
Crack category ped g Details
number sheet

1 Horizontal 12 The crack direction is parallel or nearly parallel to the horizontal plane of the concrete sur-

cracks face, ranging from micro cracks (<0.1mm) to through cracks (>Imm).
Longitudinal

2 K 15 Distributed in a straight line along the mid span of the structure, with large spans.
crac
. Tilting downwards at a 45 degree angle to the edge of the slab, it often occurs at the corner

3 Oblique crack 8

of the exterior wall or in the span of the two-way shear wall.

Irregular net- o
4 10 Irregular diffusion state.
work cracks

Wide in the middle and narrow at both ends, often caused by concrete settlement and
5 Shrinkage cracks 9 .
shrinkage.

Before applying the proposed method for small-sample target detection of surface
cracks in high-rise concrete structures, the collected small-sample images undergo two-
dimensional histogram segmentation and filtering. To evaluate the segmentation and fil-
tering performance of this method, two images of high-rise concrete structure surfaces
were randomly selected: Figure 4(al) depicts an image with irregular network-like cracks,
while Figure 4(b1) shows an image with horizontal through-cracks. These two images
represent cracks of varying severity. Two-dimensional histogram segmentation was per-
formed using the method described in this paper. Filtering was then applied to the seg-
mented results to obtain the final processed images, as shown in Figure 4.
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(al) Original image of irregular network crack (b1) Original image of horizontal through crack

(a2) Two dimensional thresholding image (b21) Two dimensional thresholding image

(a3) Filtered target image (b3) Filtered target image

Figure 4. Image segmentation and filtering processing results.

Based on the test results in Figure 4:

(1) Analysis from the perspective of image segmentation effectiveness: The paper
employs a two-dimensional maximum entropy threshold segmentation method, which
fully considers pixel grayscale values and their neighborhood average grayscale infor-
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mation. This approach accurately captures the irregular contours of mesh cracks, effec-
tively distinguishing crack regions from the background. This successfully extracts cracks
from complex backgrounds while preserving crack continuity and structural integrity.
The segmentation results clearly reveal the linear orientation and width variations of
cracks, avoiding the discontinuities caused by uneven grayscale in traditional methods
(e.g., no breakpoints at crack intersections). This demonstrates the method's adaptability
to cracks of various morphologies.

(2) From the perspective of image filtering effects: Combining crack connected com-
ponent filtering with linearity and rectangularity filtering effectively removes isolated
noise points in the image. It handles the extended edges of fine cracks and reticular cracks
well, without causing breakage or excessive smoothing. Furthermore, it preserves the
multi-directional extension characteristics and linear features of reticular cracks, main-
taining the integrity of the crack diffusion connected components, thereby enhancing the
accuracy of subsequent detection.

(3) Based on the above analysis, it is concluded that the proposed two-dimensional
maximum entropy threshold segmentation method combined with the two-stage filtering
strategy (connectivity area filtering + linearity and squareness filtering) effectively im-
proves the preprocessing quality of concrete surface crack images in high-rise buildings.
This provides a reliable data foundation for subsequent small-sample object detection
tasks based on multi-level transfer learning. This method effectively preserves crack mor-
phological integrity while significantly suppressing noise interference, demonstrating
strong practicality and robustness.

To further validate the filtering effectiveness of the proposed method, the smooth-
ness metric 7, is adopted as the evaluation criterion. This metric assesses the method's

ability to remove isolated noise points in images and the smoothness of object edges after
filtering. The metric ranges from 0 to 1, with lower values indicating superior performance.
The calculation formula for 7, is:

(2l -1T)

m=r (20)
{Z[IM _Ii] }
Where: i, ., and fl_ represent the filtered results of adjacent pixels ;+1 and ;, re-

spectively; I,

i+l

and 7, denote the pre-filtered pixel values.

By applying the proposed method to filter target images of different crack types, the
smoothnessindex 7, results obtained after filtering for various crack sizes are presented

in Table 2.

Table 2. Smoothness Index Test Results.

Crack size Horizontal Longitudinal . Irregular net- Shrinkage
Oblique crack

/mm cracks crack work cracks cracks
0.1 0.012 0.009 0.008 0.013 0.009
0.2 0.011 0.013 0.010 0.011 0.011
0.3 0.009 0.011 0.011 0.014 0.013
0.4 0.010 0.012 0.009 0.012 0.010
05 0.008 0.010 0.01 0.013 0.008
0.6 0.011 0.008 0.012 0.015 0.008
0.7 0.013 0.009 0.011 0.011 0.012
0.8 0.012 0.012 0.013 0.012 0.013
0.9 0.011 0.011 0.009 0.014 0.011
1.0 0.009 0.013 0.010 0.013 0.009

Based on the test results in Table 2:
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(1) Overall filtering effectiveness analysis: The proposed method maintains smooth-
ness index values between 0.008 and 0.015 across all crack types and widths. This demon-
strates that the combined filtering approach (connected area filtering + linearity and rec-
tangularity filtering) effectively suppresses noise while preserving edge smoothness for
diverse crack morphologies and dimensions.

(2) Smoothness analysis for different crack types: Horizontal cracks exhibit smooth-
ness index values ranging from 0.008 to 0.013, reaching their lowest values (0.008 and
0.009) at 0.5 mm and 1.0 mm widths. Smoothness metrics for longitudinal cracks range
from 0.008 to 0.013, with optimal performance at 0.6mm and 0.9mm widths (0.008 and
0.011), exhibiting minimal overall fluctuation; The smoothness index for diagonal cracks
ranges from 0.008 to 0.013, with the lowest values (0.008 and 0.009) observed at widths of
0.1mm and 0.9mm; The smoothness index for irregular network cracks was slightly higher,
ranging from 0.011 to 0.015, particularly reaching 0.015 and 0.014 at widths of 0.6mm and
0.9mm; The smoothness index for shrinkage cracks ranged from 0.008 to 0.013, with the
lowest values (0.008) observed at 0.5mm and 0.6mm widths. Among these, irregular net-
work cracks exhibited the highest smoothness index. This indicates that network cracks,
due to their complex structure and numerous branches, retain more details after filtering,
resulting in slightly lower smoothness values that remain within an acceptable range.
Therefore, the proposed method demonstrates good filtering performance and adaptabil-
ity for all crack types.

To evaluate the crack detection effectiveness of the proposed method for different
crack categories, 10 small sample images were randomly selected. Crack detection was
performed using the proposed method, and the crack category for each image was deter-
mined based on the small sample target category probability of surface cracks in high-rise

concrete structures, calculated using formula (19). The detection results are shown in Ta-
ble 3.

Table 3. Probability Results of Target Categories for Small Sample Cracks.

Horizontal Longitudinal . Irregular net- Shrinkage
Image Oblique crack
cracks crack work cracks cracks
1 0.16 0.11 0.39 0.21 0.82
2 0.23 0.75 0.14 0.19 0.19
3 0.77 0.13 0.22 0.24 0.31
4 0.52 0.51 0.71 0.13 0.24
5 0.33 0.34 0.13 0.76 0.16
6 0.19 0.79 0.22 0.33 0.24
7 0.25 0.44 0.86 0.25 0.13
8 0.14 0.23 0.11 0.81 0.21
9 0.83 0.16 0.25 0.12 0.16
10 0.11 0.28 0.37 0.19 0.85

Based on the test results in Table 3: The method described in this paper can detect
qualified crack categories by calculating the target category probability of small-sample
cracks on the surface of high-rise concrete structures. The maximum probability value
corresponds to the crack category:

The maximum category probabilities for Image 1 and Image 10 are 0.82 and 0.85,
respectively, corresponding to shrinkage cracks;

The maximum category probabilities for Image 2 and Image 6 are 0.75 and 0.79, re-
spectively, corresponding to longitudinal cracks;

(3) The maximum category probabilities for Image 3 and Image 9 are 0.77 and 0.83,
respectively, corresponding to horizontal cracks;

(4) The maximum category probabilities for Image 4 and Image 7 are 0.71 and 0.86,
respectively, corresponding to diagonal cracks;
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(5) The maximum class probability results for Image 5 and Image 8 are 0.76 and 0.81,
respectively, corresponding to oblique cracks.

Therefore, the method described in this paper demonstrates effective detection per-
formance for surface cracks of various categories in high-rise concrete structures. It adapts
to the detection needs of different crack morphologies and effectively handles structurally
complex, multi-branched crack patterns.

Among the detection results, Image 4 yielded a maximum class probability of 0.71,
yet horizontal and vertical crack probabilities were also relatively high (0.52 and 0.51).
This discrepancy stems from the small sample size in the study and limitations in the an-
notation of image capture angles, leading to some overlap in the method's learning of
crack orientations. Although these two probabilities are relatively high, the paper em-
ploys multi-level hierarchical processing to extract multi-level crack features, which does
not compromise the final classification accuracy.

To further analyze the effectiveness of the proposed method in small-sample target
detection, the methods from [4] and [6] were simultaneously employed as comparison
methods. The correlation coefficient 9, was adopted as the evaluation metric to measure

the detection performance of the three methods on small-sample crack targets. This metric
quantifies the similarity between detected results and actual results, with values ranging
from -1 to 1. A smaller value indicates poorer detection performance, while a larger value
signifies better detection effectiveness. while a larger value indicates superior detection
performance. The formula for calculating 4, is:

3 {ZO, g(x,y) < e,q(x,y) <r
f = (21)
¢ Z],g(x,y)>e,q(x,y)>r

Where: ¢, represents the difference between the detected result and the actual result;
n denotes the number of detection samples.

Crack detection was performed on cracks of varying sizes using the methods from
Reference [4], Reference [6], and the method proposed in this paper. The detection effec-
tiveness of the three methods was evaluated based on the 9, calculated using formula (21),
as shown in Figure 5.
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Figure 5. Correlation coefficient test results of three methods for crack detection.

Based on the test results in Figure 5: After detecting cracks of different sizes using
the methods from Reference [4], Reference [6], and the proposed method in this paper, the
method from Reference [4] showed poor detection performance for extremely small cracks
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(0.1-0.6 mm), with the correlation coefficient ¢, below 0. For larger cracks (>0.7 mm), the
correlation coefficient 9, showed a significant increase, reaching above 0.25 in all cases.

Furthermore, the correlation coefficient fluctuated between increases and decreases dur-
ing this detection process. Consequently, this method not only performed poorly on mi-
cro-cracks but also exhibited instability. The method in Reference [6] similarly yielded
lower correlation coefficient §, across all crack widths compared to the proposed

method, with the worst performance observed for small cracks (0.1-0.6 mm). The pro-
posed method maintains a high correlation coefficient 9, close to 1 across all crack widths

(0.1 mm-1.0 mm), demonstrating strong generalization capability and stability. This is
achieved by: Utilizing a multi-level transfer learning architecture to extract multi-level,
multi-scale crack features; Effectively preserving crack structure and suppressing noise
during preprocessing (segmentation + filtering); Maintaining high classification accuracy
with the cosine classifier even under small sample conditions. Therefore, the proposed
multi-level transfer learning method significantly outperforms the comparison methods
in crack detection tasks, demonstrating superior robustness and accuracy under condi-
tions of small sample size, multi-scale data, and complex environmental conditions.

4. Conclusion

This paper addresses challenges in detecting surface cracks on high-rise concrete
structures —including complex crack morphology, scarce samples, and high environmen-
tal interference —by proposing a few-shot object detection method based on multi-level
transfer learning. The approach innovatively integrates TCN, BiLSTM, and Attention
mechanisms to construct a multi-level transfer learning architecture, effectively enhancing
crack detection accuracy and robustness under few-shot conditions. Key findings are as
follows:

(1) Innovative Preprocessing Method: A two-stage filtering strategy (connectivity
area filtering + linearity and rectangularity filtering) removes isolated noise points by con-
sidering both scale and morphological characteristics. Connectivity area filtering elimi-
nates minute noise points, while linearity and rectangularity filtering preserve complex
crack patterns like diagonal and network cracks, addressing the misclassification issues
of traditional filtering methods on intricate crack morphologies.

(2) Classification Mechanism Innovation: Replaces traditional classifiers with a co-
sine classifier. Classification is performed by calculating the cosine similarity between fea-
ture vectors and category weight vectors, emphasizing semantic consistency in feature
direction. This approach effectively utilizes limited sample feature information in small-
sample scenarios, enhancing crack category classification accuracy and overcoming the
limitation of traditional classifiers requiring large sample sizes.

Combining these innovative advantages, the proposed method maintains excellent
edge smoothness and structural integrity during application —whether for 0.1mm micro-
cracks or complex network cracks —while demonstrating strong preprocessing robustness.
Under small-sample conditions (no more than 15 annotated images per category), it accu-
rately identifies detection probabilities for various crack types including horizontal, ver-
tical, diagonal, irregular network, and shrinkage cracks. This resolves the inefficiency and
susceptibility to subjective factors inherent in traditional methods under small-sample
data, providing an effective solution for small-sample crack detection on the surfaces of
high-rise concrete structures.
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