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Debonding defects in building facades are highly concealed and difficult to detect using 
traditional inspection methods, which significantly affects the structural safety and 
durability of buildings. Visible-light images provide rich texture and structural information, 
while infrared thermal imaging can accurately capture temperature anomalies in debonded 
regions. The fusion of these two modalities therefore represents a key technological pathway 
for efficient detection of facade debonding defects. However, existing multimodal detection 
methods often suffer from insufficient cross-modal registration accuracy, inadequate task-
oriented feature fusion, and blurred segmentation boundaries of debonded regions, making 
it difficult to meet the requirements of precise diagnosis in practical engineering 
applications. To address these challenges, this study proposes a two-stage cascaded 
framework based on a registration-then-fusion segmentation strategy. Specifically, a dual-
branch feature mutual-guidance registration network and a multi-scale adaptive fusion 
segmentation network are designed to fully exploit the complementary information of the 
two modalities, enabling pixel-level accurate identification and localization of facade 
debonding defects. To evaluate the effectiveness and advancement of the proposed method, 
extensive experiments are conducted on a self-constructed large-scale Unmanned Aerial 
Vehicle (UAV)-based dual-modal dataset. The experimental results demonstrate that the 
proposed approach significantly outperforms existing mainstream methods in both 
registration and segmentation performance, exhibiting strong engineering applicability and 
environmental robustness. The proposed framework provides a novel technical solution and 
theoretical support for intelligent inspection of building facade debonding defects. 
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1. INTRODUCTION

Building facade debonding is a common quality defect in
construction engineering [1-3]. Due to its strong concealment, 
long-term existence of this defect can easily lead to wall 
cracking and detachment, which not only affects the integrity 
of the building appearance, but also weakens the structural 
bearing capacity of the wall, threatening the structural safety 
and durability of the building. At present, traditional defect 
detection methods are mainly based on manual tapping, which 
relies on the experience of inspectors and has limitations such 
as low efficiency, strong subjectivity, and limited detection 
range [4, 5]. Among single-modal image detection methods, 
visible-light images can provide rich wall texture and 
structural information, but it is difficult to identify concealed 
debonding defects [6, 7]. Infrared thermal imaging can 
accurately capture the temperature difference between 
debonded regions and normal regions, but it lacks effective 
spatial structural reference, making it difficult to achieve 
precise defect localization [8, 9]. Therefore, multimodal image 
fusion of visible-light and infrared thermal imaging has 
become a key technical pathway for efficient and accurate 
detection of debonding defects [10]. However, due to the 
intrinsic differences between the two modal images in imaging 

mechanism, spectral range, and resolution, the accuracy of 
cross-modal image registration and the effectiveness of 
multimodal feature fusion have become the core bottlenecks 
restricting precise diagnosis of debonding defects. 

In the field of cross-modal image registration, traditional 
methods have insufficient robustness for heterogeneous image 
matching and are difficult to adapt to complex scene variations 
of building facades. Although existing deep learning-based 
registration methods have improved efficiency to some extent 
[11, 12], they lack effective feature interaction mechanisms 
between modalities, making it difficult to simultaneously 
consider registration accuracy and adaptability to complex 
deformation, and therefore unable to meet the pixel-level 
registration requirements of debonding detection. In the field 
of debonding defect segmentation, existing multimodal fusion 
methods mostly adopt simple feature concatenation 
approaches [13, 14], which fail to fully exploit the 
complementary characteristics of the two modal images. As a 
result, the segmentation accuracy for subtle debonding regions 
and defect boundaries is relatively low, and the resistance to 
noise interference is weak, making them difficult to adapt to 
complex wall environments in practical engineering. 

To address the above problems, this study conducts research 
on multimodal image registration and intelligent diagnosis of 
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building facade debonding defects. The main innovations and 
contributions are as follows. First, a dual-branch feature 
mutual-guidance registration network is proposed, and a cross-
modal attention interaction mechanism is designed to achieve 
high-precision non-rigid registration of heterogeneous images, 
effectively solving the core problem of insufficient registration 
accuracy in large-scale deformation scenarios. Second, a 
multi-scale adaptive fusion segmentation network is designed, 
introducing a channel–spatial attention fusion module, 
combined with a lightweight Transformer and edge constraints, 
to achieve accurate segmentation and boundary optimization 
of debonding regions, thereby improving the recognition 
capability for subtle defects. Third, a registration loss function 
that considers both visual similarity and physical consistency 
is constructed, and a temperature consistency constraint is 
introduced to ensure that the registration process does not 
destroy the physical distribution of infrared temperature 
anomalies, thereby improving the reliability of the diagnosis 
results. Fourth, a large-scale Unmanned Aerial Vehicle (UAV) 
dual-modal debonding dataset is constructed, covering 
different seasons, different illumination conditions, and 
different defect types, providing reliable support for method 
validation and enhancing the engineering applicability of the 
proposed method. 

The remainder of this paper is organized as follows. Section 
2 describes in detail the overall architecture of the proposed 
intelligent diagnosis method and the technical details of each 
module. Section 3 verifies the effectiveness and advancement 
of the method through systematic experiments. Section 4 
discusses the advantages, limitations, and future research 
directions of the method. Section 5 summarizes the research 
results and contributions of this paper. 
 
 
2. METHOD 
 
2.1 Overall architecture of the method 

 
The intelligent diagnosis method for building facade 

debonding defects proposed in this paper adopts a two-stage 
cascaded architecture of registration first and then fusion 
segmentation. The core objective is to achieve pixel-level 
accurate identification and localization of debonding regions 
through high-precision cross-modal image alignment and deep 
feature fusion. The method contains three core modules: 
preprocessing enhancement, cross-modal registration, and 
fusion segmentation. These modules work collaboratively and 
progressively, forming a complete end-to-end diagnosis 
system. The preprocessing enhancement module addresses the 
imaging differences between visible-light and infrared thermal 
imaging. Through targeted processing, it improves image 
quality, effectively suppresses noise, and highlights key 
features, providing reliable inputs for subsequent registration 
and segmentation tasks. The cross-modal registration module 
achieves pixel-level accurate alignment of dual-modal images, 
solving the core problem of feature mismatch in 
heterogeneous images and laying the foundation for effective 
multimodal feature fusion. The fusion segmentation module 
fully exploits the complementary information of the aligned 
dual-modal images, integrating the texture and structural 
details of visible-light images with the temperature anomaly 
features of infrared thermal imaging, thereby completing 
accurate segmentation and boundary optimization of 
debonding defects. The entire architecture is trained and 
optimized in an end-to-end manner to ensure the collaborative 

consistency among modules, significantly improving the 
accuracy, robustness, and engineering applicability of the 
diagnosis method. Figure 1 shows the overall architecture of 
the intelligent diagnosis method for facade debonding defects. 

 
2.2 Multimodal image preprocessing and enhancement 

 
The single-channel temperature matrix of infrared thermal 

imaging is difficult for convolutional neural networks to 
effectively extract features from, and the visual 
discriminability of temperature differences is relatively low. 
Traditional pseudo-color mapping adopts fixed mapping rules 
and cannot adapt to the temperature distribution characteristics 
in different scenarios [15, 16]. To address this problem, an 
adaptive pseudo-color mapping strategy is proposed. 
According to the statistical characteristics of temperature in 
infrared thermal images, the mapping parameters are 
dynamically adjusted, converting the single-channel 
temperature matrix into three-channel visual features. The 
core mapping formula is: 
 

Ic(x,y)=

⎩
⎪
⎨

⎪
⎧

T(x,y)-Tmin

Tmid-Tmin
Tmin≤T(x,y)<Tmid

1 Tmid≤T(x,y)<Tmax
Tmax-T(x,y)
Tmax-Tmid

T(x,y)≥Tmax

 (1) 

 
where, Ic(x,y) is the pixel value of the mapped three-channel 
image, c∈{R,G,B} correspond to the red, green, and blue 
channels respectively, T(x,y) is the temperature value at pixel 
(x,y) in the infrared thermal image, and Tmin, Tmid, and Tmax are 
the minimum temperature, middle temperature, and maximum 
temperature of the image, respectively, which are adaptively 
determined by statistical analysis of the temperature histogram 
of the image. This strategy not only enhances the perception 
ability of human vision for temperature anomalies, but also 
converts single temperature information into multi-channel 
visual features, which is well adapted to the feature extraction 
requirements of convolutional neural networks. At the same 
time, to address the problem of temperature noise in infrared 
thermal images, an improved bilateral filtering algorithm is 
proposed. By introducing temperature gradient weights to 
adjust the filter kernel coefficients, the filtering formula is: 
 

Iinfra(x,y)=
1

K(x,y)
�Gσs

i,j

(|(x,y)-(i,j)|)⋅ 

Gσr(|T(x,y)-T(i,j)|)⋅wg⋅T(i,j) 
(2) 

 
where, K(x,y) is the normalization coefficient, Gσs and Gσr are 
the Gaussian functions in the spatial domain and gray-level 
domain respectively, and wg is the temperature gradient weight, 
which is calculated from the temperature gradient between 
pixel (x,y) and neighboring pixels. The larger the temperature 
gradient, the closer wg is to 1. In this way, while smoothing 
noise in homogeneous regions, the temperature anomaly edges 
are preserved to the greatest extent, solving the edge blurring 
problem caused by traditional bilateral filtering. 

Visible-light images are easily affected by illumination 
angle, shadows, and other factors, resulting in uneven 
illumination, which leads to bias in texture structure feature 
extraction and affects subsequent registration accuracy [17]. 
Based on Retinex theory [18], an improved illumination 
balancing algorithm is proposed. It breaks the limitation that 
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traditional algorithms only adjust overall illumination, and 
combines the structural prior obtained by Canny edge 
extraction to guide illumination correction. First, the visible-
light image is decomposed into a reflectance component R(x,y) 
and an illumination component L(x,y), with the decomposition 
formula: 
 

Ivis(x,y)=R(x,y)⋅L(x,y) (3) 
 

For the decomposed illumination component, the structural 
prior mask M(x,y) obtained by Canny edge detection is 
introduced. In the mask, the pixel value of edge regions is 1 
and that of non-edge regions is 0. Adaptive illumination 
compression is performed using the following formula: 

 
L'(x,y)=L(x,y)αM(x,y)+β(1-M(x,y)) (4) 

 
where, α and β are the illumination compression coefficients 
for edge regions and non-edge regions respectively, α∈(0,1) 

and β∈ (0,α), which are determined through adaptive iterative 
optimization. This ensures that the illumination compression 
in edge regions is smaller than that in non-edge regions, 
eliminating uneven illumination while avoiding distortion of 
edge structures. The corrected reflectance component 
R′(x,y)=Ivis(x,y)/L′(x,y) is processed by gray normalization and 
then used as the input for the subsequent registration task, 
providing accurate structural reference for cross-modal 
registration. 

Through targeted innovative processing for the two modal 
images, the preprocessing and enhancement module 
effectively suppresses noise interference and solves problems 
such as uneven illumination and blurred temperature anomaly 
edges. It significantly improves image quality and the 
distinguishability of key features, laying a solid foundation for 
the efficient operation of subsequent cross-modal registration 
and fusion segmentation modules, and ensuring the accuracy 
and robustness of the entire diagnosis system. 

 

 
 

Figure 1. Overall architecture of the intelligent diagnosis method for facade debonding defects 
 
2.3 End-to-end registration network based on cross-modal 
feature mutual guidance 

 
Dual-branch Feature Mutual-Guided Registration Network 

(DFMGR-Net) adopts an encoder-decoder end-to-end 
architecture. The core innovation lies in the collaborative 
design of dual-branch feature extraction and hierarchical 
cross-modal interaction, achieving precise extraction and 
mutual enhancement of heterogeneous image features. Figure 
2 shows the architecture of the dual-branch feature mutual-
guidance registration network. As shown in the figure, the 
encoder is divided into two parallel branches for visible-light 
and infrared modalities. The differential network design 
adapts to the feature characteristics of the two modalities while 
ensuring alignment of feature hierarchies, providing the basis 
for subsequent attention interaction. The visible-light branch 
uses a lightweight 50-layer Residual Network (ResNet50) as 
the backbone network, removing the fully connected layers 
and retaining all residual modules. Multi-stage residual 
learning extracts multi-scale texture and structural features, 
and the output feature map is denoted as Fvis

l ∈RCl×Hl×Wl, where 
l represents the encoder feature hierarchy, and Cl, Hl, Wl are 
the channel number, height, and width of the corresponding 

hierarchy. The infrared branch is a customized lightweight 
convolutional neural network. Considering the low-texture 
characteristic of temperature distribution features, it adopts 3 
× 3 small convolution kernels and sparse channels, setting 
feature hierarchies fully matched with the visible-light branch. 
It outputs multi-scale temperature distribution feature maps 
Finf

l ∈RCl×Hl×Wl , ensuring temperature feature extraction 
accuracy while reducing computation by more than 40%. 
Features from both branches at each hierarchy are 
synchronously input into the cross-modal attention interaction 
module. The enhanced features are channel-concatenated and 
sent to the decoder’s deformation field estimation module, 
forming an “feature extraction – interaction enhancement – 
deformation estimation” end-to-end registration pipeline. 

The core objective of the cross-modal attention interaction 
module is to establish a bidirectional guidance mechanism 
between visible-light structural features and infrared 
temperature features, solving the problem of weak correlation 
and high difficulty in aligning heterogeneous modality 
features. This module is embedded in each feature hierarchy 
of the encoder to achieve multi-scale feature mutual 
enhancement, ensuring that both low-level details and high-
level semantics can complete effective cross-modal 
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information transfer. The core logic is to constrain the spatial 
positioning of infrared features by the spatial structure 
information of visible-light images, while using infrared 

temperature response information to select key feature regions 
in visible-light images, forming a complementary 
enhancement closed loop between modalities. 

 

 
 

Figure 2. Dual-branch feature mutual-guidance registration network architecture 
 

The core implementation of the module is the joint 
computation of channel attention and spatial attention, 
achieving fine feature selection through the collaboration of 
the two weights. First, the input feature maps of the dual 
branches are channel-aligned, then channel attention weights 
and spatial attention weights are computed separately. The 
channel attention weights are calculated based on global 
feature statistics. For visible-light features Fvis

l  and infrared 
features Finf

l , global average pooling is performed to obtain 
channel-level feature vectors vvis

l ∈RCl and vinf
l ∈RCl, which are 

mapped by shared two-layer fully connected layers. Finally, 
Sigmoid activation produces the channel attention weights: 
 

Wc,vis
l =σ �W2⋅ReLU�W1⋅vinf

l �� , 

Wc,inf
l =σ �W2⋅ReLU�W1⋅vvis

l �� 
(5) 

 
where, W1 and W2 are fully connected layer weights, and σ is 
the Sigmoid activation function. The spatial attention weights 
focus on local region features. The aligned dual-modal feature 
maps are channel-concatenated, reduced in dimension by a 
1×1 convolution, then spatial correlations are extracted via a 
3×3 depth convolution, followed by Sigmoid activation to 
generate spatial weight maps: 
 

Ws,vis
l =σ �Conv3×3 �Conv1×1�Fvis

l ⊕Finf
l ��� , 

Ws,inf
l =Ws,vis

l  
(6) 

 
where, ⊕ denotes channel concatenation and Convk×k 
represents convolution with kernel size k × k. 

Bidirectional feature enhancement is realized by element-
wise multiplication of the attention weights with the original 
feature maps. The joint channel and spatial attention weights 
are: Wvis

l =Wc,vis
l ⊗Ws,vis

l , Winf
l =Wc,inf

l ⊗Ws,inf
l , where ⊗ denotes 

element-wise multiplication. The final enhanced features are: 
Fvis

l =Fvis
l ⋅Wvis

l , Finf
l =Finf

l ⋅Winf
l . 

This process allows the infrared branch to receive the high-
precision spatial structure constraints from visible-light 
images, precisely locating temperature anomaly positions, 
while the visible-light branch focuses on thermal anomaly 
regions indicated by infrared features, filtering irrelevant wall 
texture noise. The enhanced dual-modal features have 
improved heterogeneity correlation, providing high-quality 
input for the decoder’s dense deformation field estimation and 
significantly improving cross-modal registration accuracy and 
robustness. 

The core function of the dense deformation field estimation 
module is to generate a high-precision dense displacement 
field that adapts to the complex spatial transformations of 
building facades, solving the core problem that traditional 
convolution cannot model non-rigid deformation. This module 
adopts deformable convolution to construct a hierarchical 
deformation estimation structure. Extra-learned offsets guide 
the convolution kernel for adaptive non-grid point sampling, 
flexibly capturing perspective deformation, subtle wall 
deformation, and local geometric distortions. The output of 
deformable convolution is calculated as: 
 

y(x,y)=�wk

K

k=1

⋅x�x+Δxk,y+Δyk� (7) 

 
where, y(x,y) is the output feature at pixel (x,y), K is the 
number of convolution sampling points, wk is the convolution 
weight of the k-th sample point, and Δxk, Δyk are the extra 
learned offsets in [-1,1], adaptively learned from the 
concatenated enhanced dual-modal features. The offsets allow 
convolution kernels to dynamically adjust sampling positions 
according to local image geometry, effectively adapting to 
non-rigid deformation of building facades without preset grids. 
The enhanced dual-modal features are processed through 4 
layers of deformable convolution hierarchically, gradually 
improving deformation modeling capability. The module 
finally outputs a dense displacement field 
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Δ(x,y)=(Δx(x,y),Δy(x,y)) of the same size as the input images, 
achieving pixel-level accurate alignment between visible-light 
and infrared images, providing a reliable spatial alignment 
foundation for subsequent multimodal feature fusion. 

To ensure that the registration results satisfy both visual 
structural alignment and the physical distribution of infrared 
temperature anomalies, an innovative loss function 
considering visual similarity and physical consistency is 
designed. Through multi-loss collaborative constraints, 
registration accuracy and reliability are improved, differing 
from existing loss designs that only focus on visual matching. 
The total loss function is a weighted sum of multi-scale 
structural similarity loss, mutual information loss, and 
temperature consistency loss: 
 

Ltotal=λ1LMS-SSIM+λ2LMI+λ3LTC (8) 
 
where, λ1, λ2, and λ3 in [0,1] are weights for each loss 
component, determined via adaptive iterative optimization, 
ensuring coordinated effect of all loss components. 

The multi-scale structural similarity loss constrains the 
structural alignment of registered images, reducing structural 
distortion caused by modality heterogeneity. It is computed 
based on multi-scale image decomposition, comparing the 
luminance, contrast, and structure of registered and reference 
images layer by layer: 
 

LMS-SSIM=1-� SSIMi(Ireg,Iref)
N

i=1

 (9) 

 
where, N is the number of decomposition scales (set to 4 in 
this paper), SSIMi is the structural similarity coefficient at 
scale i, Ireg is the registered image, and Iref is the reference 
image. The mutual information loss measures the statistical 
dependency between registered cross-modal images, 
quantifying fusion consistency: 
 

LMI=-I(Ireg,vis,Ireg,infra)=-�� p
vu

(u,v) log
p(u,v)

p(u)p(v)
 (10) 

 
where, I( , ) is mutual information, p(u,v) is the joint 
probability density of registered visible Ireg,vis  and infrared 
Ireg,infra images, and p(u), p(v) are their marginal probabilities. 

The temperature consistency loss is the core innovative 
component, constraining the deformation field to not distort 
the physical distribution of infrared temperature anomalies, 
ensuring that the registered infrared image accurately reflects 
the temperature characteristics of debonding regions. It is 
computed by the difference in temperature gradients before 
and after registration: 
 

LTC=
1

H×W
�� |

W

y=1

H

x=1

∇Treg(x,y)-∇Tori(x,y)| (11) 

 
where, H, W are the height and width of the infrared image, 
∇Tori(x,y) is the temperature gradient of the original infrared 
image at pixel (x,y), and ∇T (x,y) is the temperature gradient of 
the registered infrared image, computed by the Sobel operator. 
This loss effectively suppresses distortion of temperature 
anomaly regions by the deformation field, ensuring that 
temperature distribution features of debonding regions are 

preserved during registration, providing accurate temperature 
feature support for subsequent defect segmentation. 
 
2.4 Multi-scale adaptive fusion and intelligent debonding 
defect segmentation 
 

MAF-SegNet takes the registered visible-light and infrared 
dual-modal images as input, adopting a dual encoder-decoder 
architecture. The core innovation lies in hierarchical dual-
modal feature fusion and detail preservation mechanisms, 
focusing on pixel-level precise segmentation and boundary 
optimization of debonding defects. The specific architecture is 
shown in Figure 3. The dual encoders are designed to match 
the feature hierarchies of the registration network, separately 
processing the two modality images to fully exploit 
complementary information: the visible-light encoder 
continues the lightweight Residual Network structure, 
focusing on extracting wall texture, edges, and other structural 
features, outputting multi-scale feature maps Fvis

s ∈RCs×Hs×Ws; 
the infrared encoder adopts a customized lightweight 
Convolutional Neural Network (CNN), focusing on capturing 
temperature anomaly-related features, outputting 
corresponding scale feature maps Finf

s ∈RCs×Hs×Ws , where s is 
the feature scale, and Cs, Hs, Ws are the channel number, height, 
and width at the corresponding scale. The decoder uses a layer-
by-layer upsampling structure. Through skip connections, the 
dual-modal fused features of each encoder scale are integrated 
with the corresponding decoder layer features, gradually 
restoring spatial resolution while effectively suppressing 
gradient vanishing, ensuring that features of subtle debonding 
regions and defect edges are not lost. The network finally 
outputs a debonding segmentation probability map with the 
same size as the input image, achieving precise defect 
localization and complete segmentation. 

The channel-spatial attention fusion module is the core 
innovative component of MAF-SegNet. Its main objective is 
to solve the problems in traditional dual-modal feature 
concatenation, such as feature redundancy and the drowning 
of useful information. Through the collaborative effect of dual 
attention mechanisms, fine-grained fusion of multi-modal 
information is realized, enhancing the discriminative 
capability for debonding defects. The module schematic is 
shown in Figure 4. The module is embedded at every feature 
scale layer in the encoder and decoder, enabling precise 
feature selection and fusion at multiple scales, ensuring that 
both low-level detail features and high-level semantic features 
are effectively integrated, fully leveraging the complementary 
advantages of dual-modal images. 

The channel attention mechanism is used to adaptively 
select the most critical feature channels for debonding 
diagnosis, achieving channel-level weight allocation based on 
global feature statistics. First, the dual-modal feature maps are 
concatenated along the channel dimension to obtain the initial 
fused feature Fcat

s =Fvis
s ⊕Finf

s . Then, global average pooling is 
applied to extract the channel-level global feature vector 
vs∈R2Cs . The feature vector is mapped and dimension-reduced 
through two fully connected layers, and finally Sigmoid 
activation generates the channel attention weights Wc

s , 
calculated as: 
 

Wc
s=σ(Wb⋅ReLU(Wa⋅vs)) (12) 

 
where, Wa∈R(2Cs)/4×2Cs, Wb∈R2Cs×(2Cs)/4 are the weights of the 
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two fully connected layers, σ is the Sigmoid activation 
function. The weight vector is multiplied element-wise with 
the initial fused feature, effectively enhancing the texture, 
edge, and temperature-related features critical for debonding 
diagnosis while suppressing redundant channel interference. 

The spatial attention mechanism focuses on potential 
debonding regions, strengthening the discriminative ability of 
local features and compensating for the channel attention 
mechanism's neglect of local spatial information. The channel-
attention-weighted feature is first reduced in dimension by a 
1×1 convolution, reducing computation while achieving 
preliminary channel information fusion. Then, a 3×3 depth 
convolution extracts local spatial correlation features, 
capturing spatial differences between debonding regions and 
surrounding background. Sigmoid activation generates the 

spatial attention weight map Ws
s∈R1×Hs×Ws , calculated as: 

Ws
s=σ �Conv3×3 �Conv1×1�Fcat

s ⋅Wc
s��� (13) 

 
where, Convk×k denotes convolution with kernel size k×k. The 
final fine-grained fused feature is obtained through the 
collaborative effect of dual weights: Ffusion

s =�Fcat
s ⋅Wc

s�⊗Ws
s , 

where ⊗ denotes element-wise multiplication. This fusion 
preserves the structural detail advantages of visible-light 
images while fully utilizing the temperature anomaly features 
of infrared images, effectively suppressing irrelevant 
background noise and significantly enhancing the 
discriminative capability of fused features for debonding 
defects, providing high-quality input for accurate decoder 
segmentation. 

 

 
 

Figure 3. Multi-scale adaptive fusion segmentation network architecture 
 

 
 

Figure 4. Channel-spatial attention fusion module schematic 
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To overcome the inherent limitation of convolutional neural 
networks' local receptive field and enhance the network's 
perception of large-scale debonding defects, a lightweight 
Transformer module is embedded at the deepest encoder layer. 
Through self-attention, global spatial correlation information 
of the image is captured, enabling complete recognition of 
large-scale debonding regions. The module adopts channel 
compression and sparse attention design, maintaining long-
range dependency capture while effectively controlling 
computation to meet the real-time requirements of 
segmentation tasks. The core self-attention calculation is: 

Attn(Q,K,V)=Softmax�
QKT

�ds
�V (14) 

where, Q, K, V are the query, key, and value matrices, obtained 
by linear transformation of the deepest encoder fused features, 
and dk is the dimension of the query matrix. For lightweight 
design, a channel grouping strategy divides feature channels 
into 4 groups, each computing self-attention independently, 
and then concatenating along channels to fuse results, reducing 
computational complexity while preserving feature correlation 
across channels. This module effectively captures the global 
distribution features of large-scale debonding regions, 
avoiding incomplete segmentation due to local receptive field 
limitations, and enhancing global contrast between debonding 
regions and background, improving feature discriminability. 

To address common problems in existing segmentation 
methods, such as blurred debonding edges and discontinuous 
segmentation results [19, 20], an edge loss is introduced at the 
network output layer to precisely constrain the segmentation 
accuracy of defect edges, forcing the network to learn clear 
boundaries of debonding regions. Edge loss is calculated based 
on the edge difference between segmentation results and 
ground truth. First, the Sobel operator extracts edges from the 
ground truth to generate an edge mask M∈{0,1}, where edge 
pixels are 1 and non-edge pixels are 0. The edge loss uses a 
binary cross-entropy form, penalizing segmentation errors 
only at edge regions, calculated as: 

Ledge=-
1

Nedge
��M

W

y=1

H

x=1

(x,y) � Y(x,y) log P (x,y)
+(1-Y(x,y)) log ( 1-P(x,y))� (15)

where, Nedge is the total number of edge pixels, Y(x,y) is the 
ground truth, and P(x,y) is the network output segmentation 
probability map. Edge loss collaborates with the main 
segmentation loss; the main loss ensures overall segmentation 
accuracy of debonding regions, while edge loss focuses on 
edge detail optimization, effectively solving boundary blur 
and discontinuity issues, improving completeness and 
accuracy of debonding defect segmentation. 

The combination of long-range dependency enhancement 
and edge constraint enables complete perception of large-scale 
debonding regions and precise segmentation of fine edges, 
compensating for traditional segmentation networks' 
shortcomings in global association and edge details. The 
lightweight Transformer module combined with edge loss 
ensures computational efficiency while significantly 
improving segmentation performance, allowing the network to 
adapt to debonding defects of different scales and shapes, 
enhancing robustness. 

To further optimize the coarse segmentation output, 
eliminate isolated false positives, fill small missed regions, 

and improve segmentation completeness and accuracy, 
conditional random field (CRF) is used for post-processing. 
Unlike existing methods that perform no post-processing or 
only simple threshold-based segmentation, CRF fully utilizes 
spatial neighborhood relationships between pixels for fine 
adjustment of segmentation results. CRF takes the network 
output coarse segmentation probability map as input, defines 
an energy function to describe pixel relationships, and 
minimizes the energy function to obtain the optimal 
segmentation: 

E(X)=Eunary(X)+λEpairwise(X) (16) 

where, X is the final segmentation result, Eunary is unary 
potential computed directly from the network output 
segmentation probability map, penalizing deviation from the 
coarse segmentation, Epairwise is pairwise potential describing 
spatial relationships between adjacent pixels, and λ is the 
weight balancing unary and pairwise potentials. 

The pairwise potential is calculated using a Gaussian kernel 
considering both spatial distance and intensity similarity of 
adjacent pixels: 

Epairwise(X)=� exp�-
|xi-xj|

2

2σz
2 -

|I(xi)-I(xj)|
2

2στ2
�

i≠j

⋅δ(Xi,Xj) (17) 

where, xi, xj are coordinates of adjacent pixels, I(xi), I(xj) are 
the corresponding pixel intensity values, σs, σr are standard 
deviations of spatial and intensity Gaussian kernels, and δ( ) is 
an indicator function, 0 if Xi=Xj, 1 otherwise. This pairwise 
potential effectively suppresses isolated false positives, 
strengthens category consistency of adjacent pixels, and fills 
small missed regions, making segmentation results more 
consistent with actual debonding defect shapes. Through CRF 
post-processing, false detection and missed detection rates are 
significantly reduced, boundary smoothness and regional 
completeness are further improved, providing an accurate 
segmentation basis for subsequent quantitative analysis of 
debonding defects. 

3. EXPERIMENTS AND RESULTS ANALYSIS

To comprehensively verify the effectiveness, advancement,
and engineering applicability of the proposed multi-modal 
image registration and intelligent diagnosis method for 
visible-light and infrared thermal imaging of building exterior 
wall debonding defects, systematic experiments were 
designed around the core innovations. The experiments cover 
seven dimensions: dataset construction, experimental setup, 
metric evaluation, comparative experiments, ablation 
experiments, qualitative analysis, and engineering validation, 
ensuring rigor and reproducibility, and fully demonstrating the 
superiority and robustness of the method. 

3.1 Experimental dataset construction 

To address the problems of existing debonding detection 
datasets having small scale, single scenes, and inaccurate 
annotations, this study constructed a large-scale UAV dual-
modal debonding dataset, serving as reliable support for 
method validation and highlighting the dataset’s innovation 
and practicality. The dataset was collected using UAV-
mounted visible-light and infrared dual sensors, covering 
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different seasons, lighting conditions, wall materials, and 
defect types. A total of 1200 strictly registered visible-infrared 
image pairs were collected, with image resolution uniformly 
adjusted to 1024×768 pixels. All images were annotated at the 
pixel level for debonding by three professional personnel in 
the field of building inspection. After annotation, cross-
validation ensured annotation accuracy, achieving a 
consistency rate above 98.5%. The dataset was divided into 
training, validation, and test sets with a ratio of 7:2:1. The 
specific statistics are shown in Table 1. 

From Table 1, the constructed dataset covers rich scenes and 
defect types, effectively simulating complex detection 
environments in actual engineering practice. Annotation 
accuracy meets pixel-level diagnostic requirements. 
Compared with existing datasets, this dataset is larger in scale 
and more comprehensive in scene coverage, providing reliable 
data support for validating multi-modal registration and 
debonding segmentation methods under different conditions 
and demonstrating method robustness. 

 
Table 1. Unmanned Aerial Vehicle (UAV) dual-modal debonding dataset statistics 

 
Category Number 

(pairs) Covered Scenes Defect Types Annotation 
Method Resolution 

Training Set 840 Spring, Summer, Normal Light, Low 
Light, Concrete Wall, Brick Wall 

Small Debonding (<0.1 m2), Medium 
Debonding (0.1-0.5 m2), Large 

Debonding (>0.5 m2) 
Pixel-level Manual 1024 × 768 

Validation 
Set 240 Autumn, Winter, Shadow Areas, Strong 

Light Areas, Stone Wall, Painted Wall 
Small, Medium, Large, Composite 

Debonding Pixel-level Manual 1024 × 768 

Test Set 120 All Seasons, Complex Lighting, Mixed 
Wall Materials 

Small, Medium, Large, Composite 
Debonding Pixel-level Manual 1024 × 768 

Total 1200 4 Seasons, 4 Lighting Conditions, 4 Wall 
Materials 4 Types of Debonding Defects Cross-validated 

Annotation 1024 × 768 

3.2 Experimental setup 
 
To ensure experiment reproducibility and rigor, the 

hardware environment, software platform, and training 
parameters are clarified as follows: Hardware Environment: 
CPU: Intel Core i9-12900K; GPU: NVIDIA RTX 3090 (24GB 
memory); RAM: 64GB; Storage: 2TB SSD. Software 
Platform: OS: Ubuntu 20.04 LTS; Deep Learning Framework: 
PyTorch 1.12.0; Programming Language: Python 3.8; Image 
Processing Library: OpenCV 4.5.5. Training Parameters: 
Optimizer: AdamW; Initial learning rate: 1e-4; learning rate 
decay: cosine annealing; batch size: 8; number of epochs: 200; 
weight decay: 1e-5; loss function weights: λ1=0.3, λ2=0.4, 
λ3=0.3; edge loss weight: 0.5. 
 
3.3 Comparative experiments 

 
The comparative experiments are divided into registration 

and segmentation tasks. Mainstream methods in the field were 
selected as comparison objects to verify the superiority of the 
proposed DFMGR-Net registration network and MAF-SegNet 
segmentation network, especially highlighting the role of the 
innovative components. For registration, traditional 
registration method Scale-Invariant Feature Transform (SIFT) 
+ Random Sample Consensus (RANSAC), deep learning-
based registration methods Pyramid, Warping, and Cost 

volume Network (PWC-Net), and VoxelMorph were selected 
for comparison on the test set. Registration performance was 
tested under normal deformation and large-scale deformation 
scenarios, verifying the adaptability of the proposed method 
under complex deformation. Experimental results are shown 
in Table 2. 

From Table 2, the proposed DFMGR-Net achieves optimal 
performance in both deformation scenarios. In the normal 
deformation scenario, the RMSE of the proposed method 
decreases by 68.2%, 42.4%, and 37.9% compared with 
SIFT+RANSAC, PWC-Net, and VoxelMorph, respectively; 
Mutual Information (MI) increases by 53.6%, 21.1%, and 
16.2%; registration time is slightly better than PWC-Net and 
VoxelMorph and significantly better than SIFT+RANSAC. In 
the large-scale deformation scenario, the advantages are more 
obvious: Root Mean Square Error (RMSE) decreases by 
70.1%, 52.5%, and 46.5%, and MI increases by 146.9%, 
46.3%, and 36.2%, while registration time maintains its 
advantage. These results fully verify the effectiveness of the 
cross-modal attention interaction module and deformable 
convolution: the former realizes dual-modal feature mutual 
enhancement to improve heterogeneous image matching 
accuracy, and the latter flexibly adapts to complex non-rigid 
deformations, allowing the method to maintain high 
registration accuracy and efficiency in large-scale deformation 
scenarios. 

 
Table 2. Comparative experimental results of registration task 

 

Registration Method 

Normal Deformation Scenario Large-Scale Deformation Scenario 
Root Mean 

Square Error 
(pixels) 

Mutual 
Information 

Registration 
Time (ms) 

Root Mean 
Square Error 

(pixels) 

Mutual 
Information 

Registration 
Time (ms) 

Scale-Invariant Feature Transform + 
Random Sample Consensus 5.82 0.56 89.3 12.45 0.32 92.7 

Pyramid, Warping, and Cost volume 
Network 3.21 0.71 45.6 7.83 0.54 48.2 

VoxelMorph 2.98 0.74 51.8 6.95 0.58 53.4 
Dual-branch Feature Mutual-Guided 

Registration Network (Proposed) 1.85 0.86 42.3 3.72 0.79 44.9 
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For segmentation, mainstream semantic segmentation 
methods U-shaped Convolutional Network (U-Net), 
DeepLabV3+, and Transformer-based U-shaped 
Convolutional Network (TransUNet) were selected for 

comparison. All methods were trained and tested based on the 
dataset constructed in this work to ensure fairness. The 
experimental results are shown in Figure 5. 

 

 

 
 

Figure 5. Comparative experimental results of the segmentation task 
 

Table 3. Ablation experimental results of registration 
network 

 

Registration Model 
Root Mean 

Square Error 
(pixels) 

Mutual 
Information 

Registration 
Time (ms) 

Dual-branch feature 
mutual guidance 

registration network 
(Complete) 

1.85 0.86 42.3 

Remove cross-modal 
attention module 3.12 0.73 40.1 

Remove deformable 
convolution 2.76 0.79 39.8 

Remove temperature 
consistency loss 2.13 0.82 41.9 

 
From Figure 5, the proposed MAF-SegNet significantly 

outperforms comparison methods in all segmentation 

evaluation metrics. The Dice coefficient improves by 22.7%, 
12.9%, and 9.2% compared with U-Net, DeepLabV3+, and 
TransUNet, respectively; IoU increases by 29.3%, 17.1%, and 
12.3%; boundary F1 score improves by 25.3%, 14.8%, and 
10.0%; false positive rate and false negative rate both decrease 
by more than 40%. These results verify the collaborative effect 
of the channel-spatial attention fusion module, lightweight 
Transformer, and edge constraint: the channel-spatial attention 
fusion module achieves fine-grained selection of multi-modal 
features, avoiding feature redundancy; the lightweight 
Transformer captures long-range dependencies, improving the 
recognition ability of large-scale debonding; edge constraint 
optimizes segmentation boundaries, reducing boundary 
blurring and discontinuity. The collaboration of the three 
components improves segmentation accuracy and 
completeness of debonding defects. 

The ablation experiments aim to quantitatively analyze the 
contribution of each innovative component, verifying its 
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necessity and collaborative effect. Ablation tests were 
conducted separately for the registration and segmentation 
networks on the test set. For the core innovative components 
of DFMGR-Net, four ablation experiments were designed: 
complete model (DFMGR-Net), removing the cross-modal 
attention module (CAM), removing deformable convolution 
(DeformableConv), and removing temperature consistency 
loss (TCLoss). The experimental results are shown in Table 3. 

From Table 3, removing any innovative component results 
in a significant decrease in registration performance. 
Removing CAM increases RMSE by 68.7% and decreases MI 
by 15.1%, indicating that the cross-modal attention interaction 
module is the core for dual-modal feature mutual enhancement 

and improving heterogeneous image matching accuracy. 
Removing deformable convolution increases RMSE by 49.2% 
and decreases MI by 8.1%, showing that deformable 
convolution effectively adapts to complex deformations and 
improves registration robustness. Removing TCLoss increases 
RMSE by 15.1% and decreases MI by 4.7%, verifying that 
temperature consistency loss ensures the registration process 
does not damage infrared temperature anomaly distribution, 
improving the physical rationality of registration results. The 
collaboration of the three innovative components enables 
DFMGR-Net to achieve high-accuracy and high-robustness 
cross-modal registration, and each component is indispensable. 
 

 

 
 

Figure 6. Ablation experimental results of segmentation network 
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For the core innovative components of MAF-SegNet, five 
ablation experiments were designed: complete model (MAF-
SegNet), removing the channel-spatial attention fusion 
module (CSAF), removing the lightweight Transformer 
(LightTransformer), removing edge loss (EdgeLoss), and 
removing CRF post-processing. The experimental results are 
shown in Figure 6. 

From Figure 6, each innovative component has a significant 
improvement effect on segmentation performance. Removing 
CSAF decreases the Dice coefficient by 10.7% and boundary 
F1 score by 11.4%, while false positive and false negative 
rates increase significantly, indicating that the channel-spatial 
attention fusion module effectively selects key features and 
improves multi-modal fusion. Removing the lightweight 
Transformer decreases the Dice coefficient by 5.9%, 
indicating its effectiveness in capturing long-range 

dependencies and improving recognition of large-scale 
debonding. Removing EdgeLoss decreases boundary F1 score 
by 9.8%, verifying the importance of edge constraint for 
segmentation boundary optimization. Removing CRF post-
processing slightly decreases all metrics, indicating its 
effectiveness in eliminating isolated false positives and 
improving segmentation completeness. These results fully 
demonstrate that the collaboration of all innovative 
components jointly improves the segmentation performance of 
MAF-SegNet and is key for achieving accurate debonding 
segmentation. 

The engineering applicability verification focuses on 
detection speed and real engineering case tests, validating the 
practical application value of the proposed method. The 
experimental results are shown in Table 4. 

Table 4. Engineering applicability verification results 

Test Scenario Detection 
Speed (FPS) 

False Positive 
Rate (%) 

False Negative 
Rate (%) Applicable Scenario 

Test Set 28.6 3.2 4.1 Standard Experimental Environment 
Real Engineering Case 1 (Concrete Wall, 

Normal Lighting) 27.9 3.5 4.3 Conventional Detection Scenario 

Real Engineering Case 2 (Brick Wall, 
Weak Light + Shadow) 26.8 4.1 4.8 Complex Detection Scenario 

Real Engineering Case 3 (Stone Wall, 
Large-scale Deformation) 27.2 3.8 4.5 Complex Deformation Scenario 

Figure 7. Multi-modal registration fusion and intelligent segmentation results of building exterior wall debonding defects 

From Table 4, the detection speed of the proposed method 
remains stable above 26 FPS, meeting real-time detection 
requirements and outperforming existing similar methods. In 
the three real engineering cases, the false positive rate is below 
4.5% and the false negative rate is below 5.0%. Even in 
complex scenarios such as weak lighting, shadows, and large-
scale deformation, the detection accuracy remains high, 
satisfying practical engineering detection requirements. 
Compared with traditional manual tapping methods, the 
detection efficiency of this method is improved by more than 
80%, and the results are more objective and precise, not 
relying on inspector experience, significantly reducing 
detection costs, demonstrating strong engineering 
applicability and promotion value. 

To verify the registration accuracy and segmentation 
performance of the proposed multi-modal registration and 
intelligent debonding diagnosis method using visible and 
infrared thermal imaging in actual building exterior wall 
scenarios, a visualization verification experiment was 
conducted. As shown in Figure 7, in the registration fusion 
subplot, the infrared temperature anomaly hotspots and the 
visible wall structure contours achieve sub-pixel level precise 

alignment, without offset or artifact interference, fully 
retaining wall texture and joint spatial positioning information 
while clearly conveying the thermal resistance difference 
characteristics of debonding regions. This demonstrates that 
the cross-modal registration module can effectively eliminate 
spatial misalignment between modalities, providing high-
quality aligned input for the segmentation task without 
information loss. In the segmentation results subplot, all 
debonding regions are precisely labeled in high-saturation 
orange, with sharp and continuous boundaries. Fine debonding, 
edge debonding, and composite debonding are completely 
identified, without missed detections or false positives. The 
segmentation shapes highly match the real physical defects, 
verifying the ability of the multi-scale adaptive fusion 
segmentation network to accurately identify debonding 
defects and optimize boundaries. This experimental result 
visually demonstrates that the proposed method achieves high-
precision multi-modal image registration fusion and pixel-
level precise debonding segmentation in practical engineering 
scenarios, showing excellent diagnostic robustness and 
accuracy, providing reliable visual support for intelligent 
detection of building exterior wall debonding. 

487



4. CONCLUSION 
 
This work addresses core issues of strong concealment of 

building exterior wall debonding defects, low efficiency of 
traditional detection, insufficient multi-modal image 
registration accuracy, and imprecise feature fusion, proposing 
a multi-modal image registration and debonding defect 
intelligent diagnosis method that fuses visible and infrared 
thermal imaging. The method adopts a two-stage cascaded 
architecture of registration followed by fusion segmentation. 
The core innovations include a dual-branch feature mutually 
guided registration network and a multi-scale adaptive fusion 
segmentation network, constructing a registration loss 
function considering both visual similarity and physical 
consistency, and building a large-scale UAV dual-modal 
debonding dataset. Experimental results show that the 
proposed registration network significantly outperforms 
existing mainstream methods in RMSE and MI, maintaining 
high-precision pixel-level alignment even in large-scale 
deformation scenarios. The segmentation network performs 
outstandingly on Dice coefficient and boundary F1 score, 
achieving precise segmentation and boundary optimization of 
debonding defects of different scales and types, controlling 
false positive and false negative rates within 5%, while 
maintaining high detection speed and environmental 
robustness, effectively addressing the core bottlenecks of 
existing methods. 

This work provides a new technical path and theoretical 
support for cross-modal image registration and intelligent 
building defect detection, with significant academic and 
engineering practical value. Academically, the proposed 
cross-modal attention interaction mechanism, temperature 
consistency loss, and channel-spatial attention fusion module 
effectively solve industry problems of low heterogeneous 
image registration accuracy and imprecise feature fusion, 
providing referable design ideas for similar multi-modal 
registration and segmentation tasks. In engineering practice, 
this method does not rely on inspector experience, showing 
significantly higher detection efficiency and accuracy than 
traditional methods, adapting to complex detection scenarios 
of different seasons, lighting, and wall materials. It can be 
widely applied in intelligent detection of building exterior wall 
debonding, reducing detection costs and improving detection 
safety, providing reliable technical support for building 
structural safety maintenance. Future work can further 
optimize network lightweight design to improve deployment 
on embedded devices and extend the method to other building 
defect types, promoting the further development of intelligent 
building inspection technology. 
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