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1. Introduction 

 
Materials like ceramics, concrete, and pebbles are 

commonly used for the building decoration layers (BDLs) 
on exterior walls (Feng and Wang 2014). Due to the 
problems of localized voids and low material strength 
during construction, debonding of BDLs will occur and 
aggravate under the natural environmental conditions, such 
as rain erosion, repeated freeze-thaws, and daily and 
seasonal temperature variations, shown in Fig. 1(a) (Zhu et 
al. 2016). Traditionally, the debonding defect detection 
method of BDLs is conducted manually shown in Fig. 2(b) 
by setting up some kinds of brackets outside of the exterior 
wall, which is time-consuming, unsafe, and unreliable. 
Therefore, it is necessary to come up with an effective 
method to identify the debonding defect locations and areas 
and further to take corresponding measures to prevent 
possible accidents. 

Previous studies (Zhu et al. 2016) have shown that there 
is a difference in energy emission between the surface and 
the inside of debonding concrete duo to the change of 
atmospheric temperatures. It has also been found feasible to 
obtain the infrared thermal images of hidden defect, thereby 
identifying the gray scale feature and recognizing the defect 
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locations and areas indirectly. To be specific, Pitarma et al. 
(2019) inspected the inside wood damage using infrared 
thermography. Cotič et al. (2015) studied the detection 
method for void defects of concrete based on infrared 
thermal image with an accuracy of above 90%. Rocha et al. 
(2019) detected the delamination with different thicknesses 
(3, 6 and 12 mm) and depths (25, 50 and 75 mm) in 
sunlight-unexposed concrete elements of bridges using 
infrared thermography. Bang et al. (2020) proposed defect 
identification method in composite materials via 
thermography. Hwang et al. (2020) inspected internal 
delamination in wind turbine blades using continuous line 
laser scanning thermography. 

However, most of the thermography methods mentioned 
here are fixed in the ground resulting in a relatively 
restricted elevation range (0~45). Meanwhile, the pixel 
resolution of thermography imaging is limited (≦ 1280 × 
1024 pixels) (Sirca and Adeli 2018). As shown in Fig. 2(a), 

 
 

Fig. 1 Debonding defects of BDLs
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the range (height 22 m, length 17 m) of debonding defect 
inspection is limited by the elevation angle and pixel 
resolution, which is impossible to find the debonding defect 
of BDLs on mid- and high-rise buildings by ground-fixed 
thermography imaging. 

In recent years, the unmanned aerial vehicle (UAV) has 
been rapidly applied to civil structures (Liu et al. 2014, Kim 
et al. 2017, Zhong et al. 2018, Jung et al. 2019, Özcan and 
Özcan 2021, Jang et al. 2021), which is a good alternative 
tool for detecting debonding defects of BDLs in conjunction 
with the use of infrared thermal imaging. Utilizing UAVs 
offers several advantages, including no need of brackets, 
unlimited space, fast speed, and cost savings in infrared 
thermal imaging. Specifically, Ellenberg et al. (2016) used 
UAVs carring infrared and ordinary cameras to identify 
locations where delaminations exist in prefabricated beams. 
Kim et al. (2016) used airborne infrared thermal imaging to 
detect the facula of so lar panels in photovoltaic power 
plants with an accuracy of defective panels of 97%. Omar 
and Nehdi (2017) inspected concrete bridge decks using 
UAV infrared thermography. Biscarini et al. (2020) used 
UAV photogrammetry, infrared thermography and GPR for 
enhancing structural and material degradation evaluation. 
Cheng et al. (2019, 2020) proposed automatic delamination 
segmentation method for bridge deck through UAV-based 
thermography. Zhang et al. (2020) proposed an automatic 
detection method of earthquake-damaged buildings by 
integrating UAV oblique photography and infrared thermal 
imaging. However, the UAV-based thermography defect 
detection process usually generates large amounts of 
images. Therefore, developing a fast and intelligent image 
processing method to identify and quantify defect area with 
airborne imaging data is warranted. 

As a rapidly developing method, the Deep Learning may 
be adopted to recognize a large amount of airborne imaging 
data. Recently, Janssens et al. (2018) applied specifically 
convolutional neural networks to determine the condition of 
the machine automatically by infrared thermal image. Gong 
et al. (2018) used deep learning approach for oriented 
electrical equipment detection in thermal images. Saeed et 
al. (2019) proposed an automatic defects detection method 
in CFRP thermograms using convolutional neural networks 
and transfer learning. Luo et al. (2019) established visual 
geometry group-Unet (VGG-Unet) for infrared thermal 

 
 

defect detection. Cheng et al. (2020) proposed an automatic 
delamination segmentation method for bridge deck based 
on encoder-decoder deep learning. These researches mainly 
focus on convolutional neural network to identify or 
quantify hidden defect by thermography images. 

However, due to the infrared thermal image has 
uncleared edges and low pixel resolution, the pixel-level 
semantic segmentation networks applied on debonding 
defect recognition and quantification have two limitations: 
(1) the prediction mean or max area is quite different from 
the ground truth (Cheng et al. 2020); (2) a tremendous 
amount of time is required to build pixel-level data set 
(Kang et al. 2020). To address those problems, in this paper, 
we propose a debonding defect identification method of 
building decoration layers via UAV-thermography and point 
network CenterNet (Zhou et al. 2019), which is a single-
stage detector with simple architecture and excellent 
detection performance. The infrared thermal videos of 
BDLs are acquired from an airborne videotape, based on a 
designed UAV flight route, and the usefulness of this 
method is shown in a case study of the old teaching-
building detection to demonstrates the proposed framework 
in data acquisition, debonding defect thermography 
characteristics test and defect area quantification. 

 
 

2. Methodology 
 
In order to identify the debonding defects of BDLs, we 

have proposed a UAV-based thermography detection 
method, which is introduced in the following subsections. 
This framework involves three main tasks: (1) UAV system 
and data acquisition, (2) Experiment test of debonding 
defect thermography characteristics and (3) Deep learning-
based defect recognition and quantification. 

 
2.1 Thermography Image Data Acquisition 
 
To achieve a higher resolution and photography scope, 

we have designed the UAV system and its inspection 
pattern. Then the thermal image data set of debonding 
BDLs are built for the further processing through a series of 
inspection based on a designed flight route UAV. 

 

(a) Debonding defect measurement fixed on-ground (b) Traditional manual detection method

Fig. 2 Traditional debonding defect detection
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2.1.1 UAV system 
The airborne infrared thermal inspection system is 

configured Fig. 3, which consists of a six-rotor UAV (1m in 
diameter and 0.8m in height), a GPS control system (for 
locating the real-time position of UAV), a wireless remote 
control system (for controlling the attitude of UAV and to 
planning a flight route), a DY640 infrared thermal imager 
(temperature resolution = 0.04 K, thermal sensitivity < 
0.0350, image resolution = 640 × 480, and video frame rate 
= 25 frames per second), a lens with a focal length of 19 
mm, and a three-point laser rangefinder with the ranging 
frequency adjustable to match the video frame rate (Zhong 
et al. 2018). 

 
2.1.2 UAV Inspection patterns 
(1) Data acquisition mode 
There are two modes of image data acquisition based on 

the airborne infrared thermal imaging: photography and 
videotape. The airborne photography mode has advantages 
of clearer imaging and autonomous choice. But a qualified 
operator is required to operate the camera to capture suitable 

 
 

 
 

images. This procedure requires the take-off and landing 
repeatedly, which is time-consuming and relatively low 
automation level, while the airborne videotape mode could 
scan the entire area with a continuous and relatively smooth 
trajectory of flight, offering faster inspection speed and full 
coverage of inspection range. Therefore, we select the 
airborne videotape as the data acquisition mode of 
debonding defect inspection. 

 
(2) UAV inspection route 
The inspection route of UAV means designing a flight 

route that satisfies the intended mission requirements 
(Morgenthal et al. 2019). In this study, the commercial 
route plan system is used to design the UAV route and the 
laser range-finder is used to measure the distance between 
the UAV and BDLs in real time. In order to ensure the 
sufficient image resolution and the flight safety of UAV, the 
distance is set to be 6 m. The pixel resolution (𝐽) at 6 m 
distance is calculated by Eq. (1). 

 𝐽 = 𝐿 ∗ 𝜆 = 6௠ ∗ 1. 7 ೘ೝೌ೏ = 10.2 mm/pixel (1)
 
 

(a) UAV system 

(b) Three-point laser rangefinder (c) Operation system (d) UAV in working state

Fig. 3 UAV-based Infrared thermography system

 
Fig. 4 The detection process of UAV-based thermography
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 𝑉௨௔௩ = 𝑆௣௜௫௘௟𝑡 = 𝑛 × 𝐽𝑡           = 3 × 0.0102 × 25 m/s = 0.765 m/s (2)

 
where 𝐿 is the distance, and 𝜆 is the Instantaneous Field 
of View (IFOV). The airborne infrared video speed is 25 
frames per second. According to reference (Li et al. 2018), 
the standard for airborne video clarity is that the 
displacement of the imaging point in single-frame is less 
than 3 pixels wide. In order to ensure no blur appearance, 
the flight speed of UAV is calculated, according to Eq. (2). 

In Eq. (2), where 𝑉௨௔௩ is the speed of UAV, 𝑆௣௜௫௘௟ is 
the minimum image shift, 𝑛 is the minimum number of 
pixels, 𝐽 is the resolution of pixels, and 𝑡 is the time of 
single frame shooting. According to Eqs. (1) and (2), route 
schemes are planned under the distance of 6m and the flight 
speed of 0.6 m/s shown in Fig. 4. 

 
2.2 Experiments study of debonding defect 

temperature field characteristics 
 
Fig. 5 shows the energy radiation between the BDLs and 

the external wall. When the BDLs are debonding from the 
external wall, a thin air layer will be formed at the void 
position (Feng and Wang 2014). As the air has good thermal 
insulation, the heat transfer between the facing layer and 
building structure will be reduced. While, due to the solar 
shining, the temperature of external wall rises rapidly and 
conducts heat into the building interior. This results that the 
temperature of the debonding surface is higher than the 
normal positions. When the temperature drops, the 
debonding prevents the heat transfer from the building 
interior to the outer surface, making the debonding defect 
surface abnormally lower than the normal positions. 
According to this heat transfer law, the infrared thermal 
imaging image of debonding defect will be different from 
the normal positions, which can thus be used as the 
theoretical basis for identifying the debonding defect 
locations and areas. 

 
2.2.1 Temperature field characteristics test of 

debonding defects under temperature 
change 

In order to obtain temperature field characteristics of 
debonding defects, the experiments of debonding defects 

 
 

detection based on UAV thermography are carried out. The 
procedure mentioned above and the corresponding 
equipment are used for detection flight. The airborne 
infrared thermal video is decompressed frame by frame. 
Then, the images of debonding defects are arranged in 
typical time (Sunrise to sunset 8:00 am-18:00 pm) intervals 
shown in Fig. 6. 

During the temperature-rising time from 8:00am to 
14:00 pm, the temperature field of debonding area is 
abnormally higher than other locations. Contrarily, the 
temperature field of debonding area is lower than other 
positions from 14:00 pm to 18:00 pm. Especially at 10.00 
am and 16:00 pm, the temperature field of debonding area 
is significantly higher or lower than other normal area 
because of the dramatic temperature change. Those results 
are consistent with the energy transfer principle of BDLs 
(Zhu et al. 2016). Based on these experiment results, the 
optimal inspection time is about 10:00 am shown in 

 
 

Fig. 6 Debonding defect’s temperature field at different 
time

 

 
Fig. 5 The detection process of UAV-based thermography
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Fig. 7 Debonding defect’s temperature field with different 
specifications 

 
 

Fig. 6(b) because the infrared thermal image characteristics 
of defects in the temperature-rising stage are more 
prominent. 

 
2.2.2 Temperature field characteristics test with 

different specifications 
In order to obtain temperature field characteristics of 

debonding defects with different specifications, the 
debonding defects detection experiments are carried out in 
optimal inspection time. As shown in Fig. 7, the 
temperature fields of debonding areas are generally similar 
with different buildings, colours (blue, gray, white), 
specifications ceramic tile (25, 50, 75 square centimeters), 
indicating that the debonding defect recognition model 
trained by the same image data set is feasible. And the 
temperature field of debonding defects with different areas 
has a generally consistent gray gradient change from the 
center to the edge shown in Fig. 8. Meanwhile, the region-
shape features of the grout and metal windows are different 
to those of the debonding defects showed in Fig. 7, which is 
hard to distinguish by traditional image processing method 

 
2.3 The deep learning method of defect recognition 
 
To quantify the debonding defect of BDLs based on 

UAV thermography videotape, we need classify and judge 
every pixel in an infrared thermal image as either “defect” 
or “non-defect”. As shown in Fig. 9, there is an obvious 
heat source center in infrared image of the debonding 
defect, and the defect area has a gradient from defect center 
to the edge. Therefore, the debonding defect recognition 
method based on point network and fuzzy clustering is 

 
 

 

Fig. 8 Debonding defect’s temperature field with different 
sizes

 
 

proposed shown in Fig. 10, and the recognition model is 
trained using images collected from the decompression 
infrared video frames of BDLs. 

 
2.3.1 Centernet network 
CenterNet (Zhou et al. 2019) is a single-stage detector 

with simple architecture and excellent detection 
performance. Compared with the traditional target detection 
model, it uses the center point to represent the anchor 
shown in Fig. 10, which solves the imbalance of positive 
and negative samples caused by the anchor. The center of 
the object’s bounding box is modeled as a point object, and 
the center point is obtained by extracting the local peak 
points on the feature graph of key points, and then regressed 
to the object size and other attributes. 

In the process of training, the standard intensive 
supervision is used to learn, each target only produces a 
center point, and the target position can be obtained without 
non maximum suppression. Compared with SSD, Yolo V3 
and other real-time detection models, the CenterNet uses 
larger resolution output feature map for detection. And the 
CenterNet architecture can be divided into two parts: from 
bounding box to point and from point to bounding box, as 
shown in Fig. 10. The input image is extracted by ResNet 
network to get the output feature map, and then the target 
center point Y, the center point offset O and the target size S 
are trained respectively to realize the process from the 

 
 

 

 
Fig. 9 Framework of debonding defect image process
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boundary frame to the point. Then, the training results of Y, 
O and S branches are decoded into the object bounding box 
to realize the transformation from point to bounding box. 

 
(1) From bounding box to point 
The process of that from bounding box to point is shown 

in Fig. 10. The labeled image is input into the feature 
extraction network to get the output feature map. Then, the 
key point prediction Y branch, the center deviation O 
branch and the object size S branch share the same feature 
extraction network for training respectively. Finally, the 
whole network predicts 84 values of the center point 
position of each object, namely, the key point predicts of Y 
branch results, the O branch result x and y of the center 
point deviation, and the result of the object size branch w 
and h. 

In the key point prediction Y branch, the image 𝐼 ∈𝑅ௐ×ு×ଷ is input into the feature extraction network of 
centernet to generate the key point heat-map 𝑌 ∈ሾ0,1ሿೈర ×ಹర×଼଴, namely Gaussian distribution map. Among 
them, the peak in the distribution map corresponds to the 
center of the object, 4 refers to the scale of the output size, 
and 80 refers to the number of channels in the output 
feature map. When training the key point prediction 

 
 

 
 

network, for each real frame key of c class, first calculate 
low resolution equal value, and then use Gaussian kernel to 
map the key points of each real frame to the heatmap 𝑌 ∈ሾ0,1ሿೈర ×ಹర×଼଴. In the center point offset O branch, the local 
offset of each center point is to use L1 loss to train the 
offset value of all objects’ center points. All similar objects 
share a predicted offset value to recover the discretization 
error caused by output step length. In the dimension S 
branch, the width height of the object is regressed at the 
target center position, and (𝑥ଵ(௞), 𝑦ଵ(௞), 𝑥ଶ(௞), 𝑦ଶ(௞))  is the 
boundary box of target k. 

 
(2) From point to bounding box 
The process of that from point to bounding box is 

similar to decoding shown in Fig. 11. Let 𝑝 = ሼ(𝑥௜, 𝑦௜)ሽ௜ୀଵ௡  
be the set of n center points of class C detected. The 
boundary box is obtained by extracting 100 peak points of 
each category on the thermal graph. If the peak points are 
larger than 8 neighborhood points, the boundary box is 
retained. The key points Y, deviation O and dimensions S 
predicted by the model are generated at the designated 
position. This method can improve the performance of the 
model by directly estimating the key points. 

The steps of generating the bounding box are shown in 

Fig. 10 CenterNet framework

 
Fig. 11 Process of from point to bounding box
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Fig. 11. (𝑥௜, 𝑦௜) = 𝑌௫௜௬௜଼଴ is the position of the prediction 
center point, (𝛿𝑥௜, 𝛿𝑦௜) is the offset prediction result, and (𝑊, 𝐻)  is the predicted target width and height 
information. In the process of generating the bounding box, 
the center point predicted by the model is obtained first, and 
then the offset is added to get the offset center point. 
Finally, the target bounding box is generated by adding the 
center point and the size of training object. 

 
2.3.2 Fuzzy clustering method 
Clustering is the process of clustering some sample data 

with the same characteristics to realize the classification of 
sample data. The infrared image segmentation based on 
fuzzy clustering uses the center point identified by the point 
network as the clustering center. The minimum value of the 
target function is calculated by the membership relationship 
between the pixels and the center in the region to separate 
the fuzzy boundary of the infrared image and segment the 
defect region image at the pixel level (Wang et al. 2020). 
The objective function of the algorithm is shown Eq. (3) 

 
 
 

 
 𝐽 = ෍ ෍ 𝑢௜௞௠௖

௞ୀଵ
௡

௜ୀଵ (𝑋௜ െ 𝑋௄)ଶ (3)

 
Where n is the number of pixels, c is the number of 

clustering centers, u is the membership degree relative to 
class k, m is the fuzzy weight coefficient, 𝑋௜ is the pixel 
gray level, and 𝑋௞ is the clustering center. The constraints 
of membership degree u are as follows 

 ෍ 𝑢௜௞௠௖
௞ୀଵ = 1, ∀௜= 1,2,3. . . , 𝑛 (4)

 

Therefore, the clustering problem becomes a nonlinear 
optimization, and the minimum value of the objective 
function under the constraint Eq. (4) is solved. By 
introducing Lagrange multiplier, the equation is 
transformed into the following 

 𝐽 = ෍ ෍ 𝑢௜௞௠௖
௞ୀଵ

௡
௜ୀଵ (𝑋௜ െ 𝑋௄)ଶ + ෍ 𝜆௜௡

௜ୀଵ (1 െ ෍ 𝑢௜௞௖
௞ୀଵ ) (5)

 
 

 
Fig. 12 Process of image fuzzy clustering

 
(a) Examples of BDLs deponding defect

 

(b) Inspection process based on UAV (c) Inspection route and results of tested building

Fig. 13 Process of image fuzzy clustering
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Due to the debonding defect has the characteristics of 
abnormally high temperature field during the heating 
period, the fuzzy clustering algorithm is used to segment the 
thermal imaging image. The steps are as follows: 
calculating the gray histogram of cropped region, as shown 
in Figs. 12(a) and (b); (2) determining the number of 
clustering categories as 2 according to the gray histogram; 
(3) calculating the gray histogram objective function Eq. 
(3). If the objective function is smaller than a certain 
threshold range the algorithm stops; (4) use Eq. (4) to 
generate the new fuzzy matrix U, and then return to step 
(3). So as to determine the center of all kinds of clustering 
and the membership matrix of all kinds of sample data, and 
complete the clustering segmentation, as shown in Fig. 
12(c). 

 
 

3. Case study 
 
As shown in Fig. 13, the proposed method and system 

are applied on an old teaching-building located at the 
authors' institution to detect debonding defect of BDLs. 
Similarly, the traditional method using artificial harmer is 
also applied to verify the detection accuracy of the proposed 
method. According to the facade orientation of this 
building, the flight inspection route is planned from the East 
to the West. The detected debonding defect and its 
parameters of GPS positioning coordinates, and the real-
time distance measured by the three-point laser rangefinder 
is obtained, as marked in the Fig. 13(c). The physical size of 
the thermal sensor in the camera was 640 × 480 pixels. 
During inspection, the operator controls the UAV system at 
a low speed of 0.6 m/s, and it takes approximately 2 hours 
to cover the entire inspection area listed in Table 1. 

 
3.2 Model training and validation 
 
3.2.1 Image data annotation 
To achieve a good performance, we select approxi-

mately 1000 images from the airborne infrared thermal 
 
 

 
 

 

Fig. 14 Examples of manually labeled images
 
 

videos of BDLs and annotated by a graphical image 
annotation tool named labelImg to form an image data set. 
As shown in Figs. 14(a), (b), (c), all the images are 
annotated with ground-truth bounding boxes and class 
labels using labelImg. According to the grayscale difference 
of debonding areas, the debonding defects region are 
marked in a bounding box, as shown in Fig. 14(d). The size 
of the labelled image is 640 pixel × 480 pixels, forming a 
total of 1000 image sample data sets. As shown in Table 2, 
according to the ratio of the training set to verification set = 
of 4:1, the image sample data are divided into the training 
set and verification set. 

 
3.2.2 Model training and evalution 
(1) Training 
The CenterNet network are trained by above data sets of 

debonding defects to generate the semantic segmentation 
model. The hardware system used in training is Intel core 
i7-7700@ 3.60 GHz 8 core processor with 64 GB running 
memory (RAM) and it is accelerated by NVIDIA Geforce 

 
 

 
 

 

Table 1 Information of system implementation experiments 
Items Façade orientation Inspection start time Flight time Defect numbers

Flight route A East 10:00 am 20 + 15 min 18 
Flight route B South 11:00 am 22 min 16 
Flight route C North 11:20 am 10 + 10 + 12 min 15 
Flight route D West 13:00 pm 20 + 15 min 22 

 

Table 2 Debonding defects image data set 
Items No. of images Size (pixels) Defect Training Validation 

Defect with window noise 327 640×480 327 261 66 
Defect with grout noise 262 640×480 262 210 52 
Defect with other noise 226 640×480 226 181 45 

Defect with no noise 185 640×480 185 148 37 
Total 1000 640×480 1000 800 200 
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Table 3 Model evaluation 

Items Defect image Defect image with noise Total
Training 148 652 800 

Validation 37 163 200 
Average IoU 94.36 91.27 92.04

 

 
 
 

GTX-1080Ti graphics card, with running in Pytorch 
framework under Linux Ubuntu system. Once the loss of 
the CenterNet network in the training process decreases to 
stable, indicating that the recognition model is trained and 
suitable for identify the debonding defect images. 

 
(2) Evaluation 
In a further attempt to evaluate the segmentation model, 

the images of the test set are input into the trained 
CenterNet model and fuzzy clustering algorithm. The 
predicted results are compared with the ground-truth using 
statistical indicator, IoU (Intersection over Union) to 
evaluate the model. IoU is defined as (Yu et al. 2016) 

 𝐼𝑜𝑈 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 (6)

 
where TP and FP are the positive and negative samples 
predicted by the model respectively and FN is a positive 
sample predicted to be negative by the model. The result of 
the model evaluation is shown in Table 3, indicating that the 
proposed method could attain more than 92% precision. 

 
3.3 Recognition results and area quantification 
 
3.3.1 Recognition results 
This trained CenterNet network model processes an 

input image and produces an output image with the same 
size. As shown in Figs. 15 and 16, the defect image with hot 
window and grout noise is extracted through the trained 
model. All the debonding defects in the test image data set 

 
 
 
 

Fig. 15 Example of defect recognition with hot window 
noise 

are recognized with an accuracy almost equal to the ground-
truth by the proposed model, while the traditional image 
processing methods need to adjust the segmentation 
threshold and interfered by noise (such as: window, grout) 
easily. The prediction results show that the proposed 
method has good robustness and generalization ability for 
debonding defect images with low contrast, blurred edge, 
and the interference of pseudo-features. 

 
3.3.2 Quantification of debonding defect area 
To assess the debonding defect quantificationally, the 

debonding defect area of the image was calculated by 
counting the pixel area with the application of toolbox. 
Afterwards, the actual defect areas are calculated through 
the optical imaging principle by Eq. (1) from the real-time 
distance data obtained by synchronized three-point laser 
rangefinder. In Fig. 17, results show that the proposed 
method can accurately (≥ 90%) identify and quantify the 
defect area and location. 

 
3.4 detection results and analysis 
 
As listed in Table 1, eight videos are recorded during the 

detection and decompressed to images frame by frame. 
Then the images are imputed to the trained model for 
identifying the defect area. To determine the accuracy of the 
debonding defect recognition using the proposed method, 
the traditional manually identification for each defect area is 
conducted as a reference. Following this, total 71 regions 
are identified as debonding defect and its actual areas are 
calculated accurately by the Eq. (1). To be specific, several 
sample frames are provided as shown in Fig. 17. It can be 
recognized as a high accuracy above 90% when the defect 
area is larger than 30 cm × 10 cm. Result of the proposed 
method shows that approximately 98% of the defect area 
are completely identified while only 2% of the images are 
missed identified. The reason why some area is missed as 
identified is because they are too small (≦ 300 square 
centimeters). It means that dangerous parts defect can be 
identified effectively. 

 
 
 

Fig. 16 Example of defect recognition with hot grout 
noise
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4. Discussion 
 
Results presented in this paper demonstrate that the 

proposed method based on UAV thermography is capable to 
estimating the debonding defect area quantificationally, 
allowing the isolation of debonding defect from noise which 
had not been realized in previous research. It produces a 
pixel-level segmentation result, providing an increased 
detectability of the potential threatens on the building 
exterior wall by using use infrared thermal videos as input 
and to produce labeled images as output. The deep learning 
algorithm is also more automatically and rapidly than 
traditional method in the case studies. However, this 
method is still influenced by some factors caused by 
environment or equipment, as discussed below. 

 
4.1 Influence factors 
 
4.1.1 Temperature 
According to the references, the most essential issue for 

temperate field characteristic is the change of solar radiation 
in the natural environment. As shown in Fig. 18, the 
previously mentioned experiments have verified that the 
optimal inspection time given in this paper is approximately 
10:00 am in summer along with the faster temperature 
change, which would generate the most significant 
boundary between the normal and abnormal area. However, 
the specific optimal time of this method may be decided by 
weather, seasons, wind speed and so on. As shown in Fig. 
18, the temperature change curve of westward, southward 
and northward BDLs is slightly different, so that the BDLs 
inspection should be carried out in the time that one or two 
hours later after the recommended time depending on the 
weather conditions. Despite having relatively large impact, 
the aforementioned method still present good robustness 
using the deep learning algorithm, which can identify the 
defects with low contrast, blurred edge, and the interference 

 
 

Fig. 18 The optimum inspection time of different building 
facade

 
 

of pseudo-features automatically achieving above 90% 
accuracy. 

 
4.1.2 Strong heat source 
When the proposed method is applied in the inspection 

of building exterior wall, the infrared characteristic of 
defect area often be interfered by the heat source, such as 
window, door, air-conditioning and so-on because that they 
are metal materials heating up more easily under the solar 
radiation. If there are small size defect near the strong heat 
source, its boundary between the defect and heat source 
object will become blurred providing an increased difficulty 
on identifying the real defect. 

 
Fig. 17 Examples of debonding defect inspection result
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As shown in Fig. 19, the original image, infrared 

thermal image and the segmented image are listed. After the 
image processing based on the proposed method, its 
recognition result is enlarged since it is influenced by the 
strong heat source, which will bring a huge error to the 
inspection results. Compared with the manual recognition 
result, the inspection result has been amplified more than 
doubled. Consequently, this situation should be recognized 
by combining the deep learning algorithm and traditional 
image processing method, which will improve the accuracy 
of debonding defect inspection. In this sample, the 
recognition accuracy can reach 82% through manual 
intervention. 

 
4.2 Limitation and further study 
 
The proposed method also has some limitations. First, 

although the proposed method is less difficult in 
recognizing the defect area than the traditional method, it is 
still a post-hoc analysis system. Second, the processing 
object is video in this method rather than images, it also 
needs large amounts of annotated images to train the 
network producing manual work. Besides, building forms 
are often complicated, and there possibly have inspection 
errors or omissions in UAV routes planned by a single path. 
Therefore, the separate flight route planning is required for 
connection systems or complex building facade inspection. 
To ensure the safety of UAVs, the skilled operators should 
monitor the status of UAVs from time to time to avoid 
dangerous situations. In the future, with real-time video 
processing capability, the proposed system can be installed 
to the UAV platform, which can facilitate the on-site 
operator in the video collection process. A special analysis 
software for real-time inspection with airborne thermal 
imaging system may be designed in the future. 

 
 

5. Conclusions 
 
In this paper, we have developed a UAV-based 

thermography method for BDL’s debonding defect 
detection and quantification. Based on this study, the 
following major findings are offered: 

 
● At first, we have tested the temperature field 

characteristics of debonding defects under different 
environmental temperature and different temperature 
changes. Through these time series experiments, the 

 
 
heat transfer law of the BDLs in the relevant 
references is verified, and the optimal debonding 
defect detection time is determined. Also, we have 
found that the temperature field characteristics of the 
debonding defects have little relationship with the 
finishing materials, sizes and BDL colors, and the 
debonding defects of BDLs have obvious shape 
differences with other heat sources, such as 
windows, grout and so on, which lays the foundation 
for the automatic recognition and analysis method 
based on infrared imaging. 

● We have proposed a debonding defect recognition 
and quantification method combining CenterNet and 
fuzzy clustering. Although the infrared thermal 
image of debonding defect have uncleared edges and 
low pixel resolution. In this method, debonding 
defect area and its center point can be detected by 
CenterNet network, and bridge crack can be 
segmented in pixel-level with high-accuracy based 
on fuzzy clustering, which has the advantages of 
simple sample making, reliable and stable results, 
and high generalization ability. Finally, the case 
study of the old teaching-building inspection has 
been carried out to demonstrate the effectiveness of 
the proposed method. Compared with the manual 
detection results, the accuracy of proposed bridge 
crack width recognition method is more than 90%, 
showing good reliability to debonding defect 
detection and evaluation. 

● According to the study results, it is suggested that 
the debonding defect inspection should be 
implemented during the periods of dramatic 
temperature rise in summer or autumn. 
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