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Abstract 

In recent years, the preservation and conservation of ancient cultural heritage necessitate the advancement of sophis-
ticated non-destructive testing methodologies to minimize potential damage to artworks. Therefore, this study 
aims to develop an advanced method for detecting defects in ancient polyptychs using infrared thermography. 
The test subjects are two polyptych samples replicating a 14th-century artwork by Pietro Lorenzetti (1280/85–1348) 
with varied pigments and artificially induced defects. To address these challenges, an automatic defect detection 
model is proposed, integrating numerical simulation and image processing within the Faster R-CNN architecture, 
utilizing VGG16 as the backbone network for feature extraction. Meanwhile, the model innovatively incorporates 
the efficient channel attention mechanism after the feature extraction stage, which significantly improves the fea-
ture characterization performance of the model in identifying small defects in ancient polyptychs. During training, 
numerical simulation is utilized to augment the infrared thermal image dataset, ensuring the accuracy of subsequent 
experimental sample testing. Empirical results demonstrate a substantial improvement in detection performance, 
compared with the original Faster R-CNN model, with the average precision at the intersection over union = 0.5 
increasing to 87.3% and the average precision for small objects improving to 54.8%. These results highlight the practi-
cality and effectiveness of the model, marking a significant progress in defect detection capability, providing a strong 
technical guarantee for the continuous conservation of cultural heritage, and offering directions for future studies.
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Introduction
Cultural heritage, with its unique societal and historical 
value, has become one of the key drivers of social devel-
opment and the progression of civilization. Respecting 
and conserving the cultural heritage of different ethnic 
regions are the foundation for the coexistence of human-
ity. The preservation of cultural heritage is essential for 
maintaining the diversity of human culture, representing 
significant wealth of human civilization. Polyptychs hold 
a significant position within cultural heritage due to their 
historical, artistic, and cultural significance [1]. These 
polyptychs, which are integral parts of conventional art 
forms in many cultures, often depict scenes from mythol-
ogy, history, or religion, serving as both decorative ele-
ments and narrative mediums. However, over time, 
defects, such as gaps, cavities or splits, may exist inside 
ancient polyptychs [2]. It is thus crucial to detect differ-
ent types of defects during the polyptych’s conservation.

Non-destructive testing (NDT) has emerged as an 
essential technique for material safety assurance in many 
fields due to its non-destructive nature, safety and struc-
tural adaptability [3]. In addition, NDT techniques are 
extensively employed to guarantee the effectiveness and 
integrity of manufacturing processes [4]. Notably in the 
realm of cultural heritage, due to the irreplaceable and 
historical nature of the objects of study, the maturity of 
NDT techniques is of particular importance in order to 
conserve the objects of study from further damage after 
the restoration procedure [5]. The primary NDT tech-
niques include digital imaging [6], X-radiography [7], 
ultraviolet imaging [8], terahertz imaging [9], and infra-
red (IR) photography [10], which can be conducted under 
ambient, cross-polarized, or raking light.

Infrared thermography (IRT), as an NDT technique, 
has attracted significant attention in cultural heritage 
inspection because of its high resolution, non-contact 
nature, and ability to scan extensive regions in a brief 
timeframe [11–16]. In recent years, IRT technology has 
seen significant advances in cultural heritage conserva-
tion. Ovadia and Brook [17] showed in their study that 
IRT is very effective in detecting wall painting damages, 
but attention must be paid to the potential effects of heat 
on different materials. Similarly, Attas et  al. [18] used 
near-infrared spectroscopic imaging to detect painting 
components in artworks, successfully identifying defects 
in a 15th-century painting “Untitled (The Holy Trin-
ity).” Delaney et  al. [19] identified major pigments and 
pigment mixtures in artworks using visible and infrared 
imaging spectroscopy. These studies highlight the wide-
spread application and importance of IRT technology in 
cultural heritage preservation.

IRT is particularly effective in assessing defects and 
damages in ancient cultural artifacts. In addition, IRT 

techniques have other important uses in heritage con-
servation, such as monitoring environmental condi-
tions, detecting small changes or assisting in restoration. 
In monitoring environmental conditions, it can detect 
temperature and humidity changes in the preservation 
environment of artifacts, helping to identify potential 
environmental risks and take appropriate precautions. 
This role of IRT technology has been confirmed in the 
article [20]. IRT technology can also detect small changes 
on the surface of artifacts, such as cracks or flaking, 
aiding in the preservation and restoration of artifacts 
through high-resolution thermal images. Reference [21] 
highlighted the application of IRT technology in detect-
ing minor surface changes on artifacts.

Although IRT techniques are very useful in detect-
ing artworks, high-frequency use may cause cumula-
tive damage to experimental objects [22]. Reference [23] 
stated that reducing the frequency of IRT experiments 
can be effective in avoiding secondary damage to art-
works. To that end, parallel to the ability to detect defects 
being critical in artwork testing, it is equally important 
to avoid any secondary damage that may be done to the 
artwork by the IRT technique used. In most cases, it is 
not recommended to repeat the experiment on the test 
object to maximize the preservation of the artwork.

Two strategies are effective to reduce the number of 
IRT experiments for artworks: (1) reducing the input 
energy, and (2) employing numerical modelling to opti-
mize and standardize the test procedure. The focus of 
this study is on numerical modelling to enhance the 
experimental design of IRT defect detection by predict-
ing results and understanding thermal mechanisms in 
complex materials.

IRT defect detection experiments are conducted in two 
main phases. First, IRT experiments record temperature 
changes on the object’s surface. Next, defects are identi-
fied by differential analysis of thermophysical properties, 
producing a clear infrared contrast. During the second 
phase, defects need to be identified by analyzing the 
reflected near-infrared and short-wave infrared spec-
tra, which can be challenging for detecting deep internal 
defects and often requires visual inspection, leading to 
potential errors.

Challenges remain in dealing with visual inspections. 
To reduce errors in defect assessment, the author has 
conducted extensive research on deep learning. Over 
the past few years, deep learning has made remarkable 
strides in the domain of image defection. For instance, 
Hu et  al. [24] successfully applied the YOLOv4 net-
work detect automatically mural shedding disease. 
Hatır et  al. [25] used a Mask R-CNN based algorithm 
model to train and test eight types of deterioration in 
open-air sanctuaries from the Hittite period, achieving 
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satisfactory results. Wang et al. [26] developed the so-
called GreatWatcher system for expedited defect iden-
tification in the Great Wall, combining Fast R-CNN and 
mobile crowd sensing technology.

Drawing on the aforementioned studies, this work 
constructs an automatic defect detection system using 
numerical simulations with deep learning networks 
and machine learning algorithms. This system aims 
to reduce errors in actual defect detection and opti-
mize the detection process. The primary focus of this 
study is on polyptychs, which typically have anisotropic 
structures as they are usually composed of multiple 
materials. To achieve faster and more accurate auto-
matic defect detection in IRT on polyptychs, this work 
first expands the defect dataset using numerical mod-
eling techniques, then trains deep learning networks, 
and finally validates the model’s effectiveness through 
actual experiments.

Indeed, the novelty of this work lies in the compre-
hensive approach that involves expanding the defect 
dataset using numerical modeling techniques, which 
enhances the training of deep learning networks. This 
integration is particularly effective in capturing and 
representing the complex anisotropic structures and 
material compositions of polyptychs. By utilizing 
advanced numerical simulations and machine learn-
ing algorithms, our method significantly improves 
the precision and reliability of defect detection. This 
study validates the model’s effectiveness through actual 
experiments, ensuring robust and scalable solutions for 
the conservation of cultural heritage.

Description of the sample under test and geometric 
modeling
Description of the replicas (samples under test)
To verify the ability of the proposed numerical-simula-
tion-aided method for NDT of polyptychs, replicas were 
realized by a professional restorer and then investigated. 
It should be highlighted that this replica has been thor-
oughly described in [35]. The key information is reiter-
ated in what follows.

The original polyptych, see Fig. 1a, was painted in 1320 by 
Pietro Lorenzetti. This artwork is currently under preserva-
tion in the Church of Santa Maria della Pieve in Arezzo, 
Italy. Figure 1b shows a detail of a magnified portion of the 
polyptych. To assess the performance of the constructed 
automatic defect detection system on infrared thermal 
images, two replicas (i.e., samples under test) were pre-
pared. The samples under test were built on support boards. 
A typical 14th-century tempera technique was used. This 
technique employs mainly eggs, with a protein-based or 
plant-derived adhesive as a binder for the pigments, and is 
executed on a wooden substrate as shown in Fig. 2a.

For the sake of clarity, the samples are hereafter referred 
to as samples A and B, respectively. One of the main dif-
ferences among these samples was the technique used to 
realize the halo. In that, a yellow pigment was indeed used 
in the sample A, while a gold leaf was applied in the sam-
ple B. The sizes of the samples are both 200 × 300 × 15 mm 
(cf. Figure 2a). Rabbit skin glue, soaked overnight and then 
melted, was spread onto the panels and left to dry (cf. Fig-
ure 2b). Defects were simulated with folded Teflon pieces 
placed between the panel and the canvas layer—linen for 

Fig. 1  a A photograph of the polyptych, b an enlarged view of the replicated portion, with the box indicating the research area and providing 
reference dimensions (X: horizontal, Y: vertical) for numerical modeling
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sample A, and flax for sample B (cf. Figure  2c–e). After 
that the canvas layers dried, a second Teflon insert was 
added (cf. Figure 2f ). Next, a Bologna plaster and rabbit 
glue mixture was applied as a first layer (cf. Figure  2g), 
sanded post-drying (cf. Figure  2h), followed by a third 
Teflon insert (cf. Figure 2i). A second layer of plaster was 
then applied and sanded for a painting-ready surface (cf. 
Figure  2j). The pictorial representation began with char-
coal tracing (cf. Figure 2k), followed by creating a gilded 
halo using red bolus and gold leaf for sample A, and yel-
low pigments for sample B (cf. Figure 2l–m). The tempera 
paint, made with egg yolk and a drop of vinegar, was lay-
ered with marten hair brushes (cf. Figure 2n–o), finalizing 
the mock-ups (cf. Figure 2p).

Geometric modeling
In this section, the process of constructing a geomet-
ric model for numerical simulation of the temperature 
distribution on the sample surface is discussed. In this 
study, the geometric model was created using Autodesk 
AutoCAD 2024, a computer-aided design software, and 

then imported into the COMSOL Multiphysics software 
for numerical simulation. During the modeling process, 
the location (cf. Figure 3a), size (cf. Figure 3b), thickness, 
and depth (cf. Figure 3c) of the defects were made con-
sistent with the artificially created samples A and B from 
the previous section. The modeling method is based on 
cubes corresponding to the geometrical dimensions of 
the model parts. Thus, the structure is reconstructed in in 
a reversed way. The position of the cube within the spa-
tial framework is fine-tuned by altering the starting point 
coordinates. Once the positions are determined, the 
contours of the model surface are drawn using the work 
plane function in Autodesk AutoCAD 2024 along the X- 
and Y-axis. The depth of the work plane is then extended 
along the Z-axis. This creates a three-dimensional model, 
which subsequently needs to be numerically simulated 
using COMSOL Multiphysics software. The geometric 
modeling is showed in Fig. 3. For more detailed informa-
tion on the modeling and numerical simulation process, 
readers are encouraged to refer to the sections “Geomet-
ric modeling” and “Simulation setting” in the article [35].

Fig. 2  Fabrication of the replicas: a The two panels are used as the substrate, b coating adhesive, c inserting the initial Teflon piece (defect 
1), d applying adhesive to the linen canvas, e allowing the linen canvas layer to dry, f inserting the second Teflon piece (defect 2), g coating 
a plaster-glue mixture, h making the plaster layer smooth, i inserting the third Teflon piece (defect 3) j making the second plaster layer smooth, k 
sketching the outline of the figure, l placing the gold foil (m) employing a moistened sponge to affix the gold foil (n) applying pigment to sample 
B, o applying different colors to sample A, and (p) drying of the final samples
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Faster‑RCNN
In 2016, Ren et al. [27] proposed the Faster R-CNN archi-
tecture. In the initial stage of the Faster R-CNN network, 
data preprocessing steps such as normalization were 

performed on infrared thermal images to reduce variance 
between images and ensure the model adapts well to var-
iable inputs. The structure of the Faster R-CNN network, 
depicted in Fig.  4, is delineated into three sequential 

Fig. 3  Geometric modeling of the sample: a Top-view photograph displaying the XY coordinates of the defects; b bottom-view diagram indicating 
the positions of the defects; c side-view diagram illustrating the Z coordinates and depths of the defects; d three-dimensional representation 
highlighting the locations of the defects. (All values are in mm; the coordinates refer to the positions of the top points of the defects.)
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steps in its operation: (1) extracting features from the 
input image using a pre-trained network; (2) passing 
the extracted features through the region proposal net-
work (RPN) to generate a specified number of candidate 
frames; and (3) inputting the predicted classification and 
regression results into region of interest (RoI) pooling, 
along with the candidate frames and image features, to 
classify the candidate regions, ascertain their categories, 
and adjust their coordinates.

The following sections provide a detailed introduction 
to the three steps: the feature extraction network, RPN, 
and the final detection network.

Feature extraction network
In the Faster R-CNN target detection framework, the 
feature extraction network is particularly important for 
the defect detection task because it directly determines 
the model’s ability to recognize defects in infrared ther-
mal images. In this study, the visual geometry group16 
(VGG16) network is chosen as the feature extraction 
network due to its capability to learn local features of the 
image through multilayer filters.

The VGG16 network structure consists of several lay-
ers, each playing a critical role in feature extraction. 
The first convolutional (Conv1) layer uses two sets of 64 
filters of size 3 × 3 to extract basic edge and texture fea-
tures from the image, followed by a rectified linear unit 

(ReLU) activation function. This is succeeded by the 
first max pooling (MaxPool) layer with a 2 × 2 filter and 
stride of 2, performing spatial down-sampling to reduce 
the feature map size and increase translation invari-
ance. The second convolutional (Conv2) layer with two 
sets of 128 filters of size 3 × 3 further extracts more 
complex edge and texture features, followed by another 
ReLU activation function and a second MaxPool layer 
with similar down sampling properties. The third con-
volutional (Conv3) layer, consisting of three sets of 256 
filters of size 3 × 3, extracts higher-level features, such 
as shapes or contours, again followed by ReLU activa-
tion and a third MaxPool layer for additional down-
sampling. The fourth convolutional (Conv4) layer, 
also consisting of three sets of 512 filters of size 3 × 3, 
captures even more complex features, enabling the 
network to recognize a broader range of object char-
acteristics. This is followed by another ReLU activation 
function and a fourth MaxPool layer. The fifth convo-
lutional (Conv5) layer, with three sets of 512 filters of 
size 3 × 3, extracts the highest-level features, recogniz-
ing complex shapes and objects. This layer is followed 
by a final MaxPool before transitioning to the fully 
connected (FC) layers. The FC layers, with 4096 nodes 
in the first two layers and 1000 nodes in the last layer, 
integrate the extracted features for advanced feature 
extraction and classification, utilizing ReLU activation 

Fig. 4  Schematic diagram of the basic Faster R-CNN network structure
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functions. Finally, the output layer uses a soft maxi-
mum (SoftMax) function to map the features to the 
final classification labels.

Through these layers, VGG16 can extract fundamen-
tal features, such as edges or corners, from images. 
These features are crucial for detecting subtle defects 
on the surface of infrared thermal images. Research 
[28] also indicated that the residual network 50 
(ResNet50) was capable of extracting similar features, 
as shown in Fig.  5. However, to minimize the risk of 
overfitting when handling smaller datasets, this study 
has selected VGG16 as the backbone network for the 
follow experiments.

Regional proposal network
Similarly, the RPN plays a significant role in infrared 
thermal defect detection, as shown in Fig. 6. After using 
the VGG16 feature extraction network in the previous 
section, a 512-channel feature map is obtained. Based on 
the feature map, RPN utilizes nine anchor frame struc-
tures (three scales: 128 × 128, 256 × 256, and 512 × 512 

combinations, and three aspect ratios: 2:1, 1:2, and 1:1) 
to cover defects of infrared thermal images of various 
sizes and shapes, thus enabling the detection of defec-
tive images of different sizes and shapes. Thus, this 
approach allows the model to generate candidate regions 
that cover a variety of potential defect areas, both sub-
tle and blurred. Each generated candidate region is sub-
sequently processed through a series of convolutional 
layers to evaluate its overlap with the true target frame. 
Those regions with a high degree of overlap with the true 
defect location will be labeled as targets, a step that is 
critical in identifying the region’s most likely to contain 
defects from a large number of candidate regions.

In addition, RPN’s anchor framing mechanism 
enhances the model’s ability to adapt to defects of dif-
ferent sizes and shapes, and further refines the candi-
date region selection process by generating multiple 
anchors (total number of H × W × K) at each location 
on the feature map to ensure comprehensive coverage 
of defects in the infrared thermal image.

Detection network
The detection network consists of two key components: 
an RoI-pooling layer and a FC layer. The network is 
designed to ensure that every defect in the sample under 
test is accurately identified and localized.

First, the RoI-pooling layer efficiently maps numer-
ous defects in the ancient polyptych of varying sizes, 
extracted by the RPN network, into fixed-dimension 
feature vectors. This transformation standardizes data 
format, allowing the network to learn with greater effi-
ciency, and eventually improves both the accuracy and 
processing efficiency of defect detection.

Fig. 5  The two backbone network structures: a VGG16, b ResNet50

Fig. 6  RPN anchor frame structure diagram
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Second, the role of the FC layer is to combine the fea-
tures output from the RoI-pooling layer with the infor-
mation from the classification and regression layers to 
achieve accurate classification and localization of defects. 
The classification layer enables the model to distinguish 
whether or not defects are present in candidate regions, 
while the regression layer is responsible for fine-tuning 
the boundaries of these regions to ensure high accuracy 
in defect localization.

Improved faster R‑CNN
Efficient channel attention model
The squeeze and excite network (SENet) [29] is pioneer-
ing work that applies attentional mechanisms to channel 
dimensionality. This approach fundamentally enhances 
the representational capabilities of deep convolutional 
neural networks by explicitly modeling the interdepend-
encies between channels. However, the feature transfor-
mation in SENet relies on FC layers, which may lead to 
the loss of some feature expressiveness in the process of 
dimensionality reduction and expansion. To address this 
problem, Wang et al. [30] introduced the efficient chan-
nel attention (ECA) mechanism, which improved the fea-
ture transformation aspect of SENet. It circumvented the 
FC method, preserving the advantages of SENet while 
reducing the model complexity and computational cost, 
thereby refining the channel interactions.

This work proposes an innovative design utilizing the 
ECA mechanism to enhance Faster R-CNN’s capability 
for defect detection in infrared images of ancient polyp-
tychs. By replacing the FC layer with a one-dimensional 
convolutional (Conv1D) layer, the ECA mechanism ena-
bles the local interactive capture of each channel and its 
K  neighboring channels. This approach not only reduces 
the number of the model parameters but also enhances 
the model’s sensitivity to the local channel information, 
thereby improving the localization accuracy of defects in 
infrared thermal images. Consequently, defect detections 
in the complex infrared thermal images becomes more 
accurate and efficient.

The ECA mechanism’s enhancement of defect detec-
tion capability, achieved through local interactive cap-
ture, can be broken down into the following steps:

1. Adaptive selection of convolution kernel size

To improve the overall accuracy of defect detection in 
infrared thermal images, it is necessary to appropriately 
adjust the kernel size, denoted as K  . This value can be 
dynamically calculated as a function of the total number 
of channels, denoted as C , that is,

(1)C = φ(K )

The most straightforward mapping method is to use a 
linear function:

where the parameter γ in Eq.  (2) is used to adjust the 
scaling of the logarithmic function, which affects the sen-
sitivity between the size of the convolutional kernel and 
the number of channels. The translation factor b is used 
to fine-tune the kernel size obtained from the logarith-
mic function K .However, the number of channels C is 
generally set to a power of 2 . Therefore, with the num-
ber of channels C automatically known, the value of the 
kernel size K  can be determined by Eq.  (3). Specifically, 
the function ϕ(C) , which is associated with the channel-
related dimension C , is determined as follows:

In the equation, |•|odd denotes that the closest odd 
integer to the calculated is taken. In Eq.  (3), the result 
is ensured to be odd by scaling and translating the loga-
rithm of the C and then ensuring that the result is odd 
for different convolutional neural networks (CNN) 
structures.

2. Generation of channel attention weights

Subsequently, channel descriptors are derived through 
the application of global average pooling (GAP) on the 
input feature maps. This process transforms a feature 
map of dimensions H ×W × C into a 1× 1× C vec-
tor. Following this, the vector is subjected to Conv1D , 
facilitating the computation of the final attention weight, 
denoted as αi.

Based on the above specific analysis, the ECA mecha-
nism proposed in this study uses Conv1D to complete the 
information interaction between channels:

where Conv1D related only to the K  , which determines 
the extent of the local interaction captured by the con-
volution; y denotes the feature value associated with the 
given channel; σ(•) represents the sigmoid nonlinear 
activation function.

Thus, Eq.  (5) can be derived from the computational 
formula associated with Conv1D:

Where �K
i  denotes the set of the ith channel and its 

K  neighboring channels; yji denotes the feature of the 
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jth neighboring channel of the ith channel; ωj
i denotes 

the learning parameter of the jth neighboring chan-
nel of the ith channel [31]; The final attention weight for 
the ith channel, denoted as αi , is obtained by applying a 
weighted sum to the feature values yji of the channel and 
its K  neighboring channels, using the weight parameters 
ω
j
i . Subsequently, the sigmoid function σ(•) is employed 

to activate and compute the resulting values.

3. Application of channel attention weights

Ultimately, the channel attention weights obtained (αi) 
are re-integrated into the initial input feature map ( X ) via 
a channel-specific multiplication process, thereby facili-
tating the recalibration of features:

In this context, X ′ represents the resulting feature 
map. The αi is effectively mapping the attention weights 
within the interval from 0 to 1. Furthermore, symbol ⊗ 
is employed to denote a multiplication operation that is 
conducted across channels.

In defect detection, the ECA mechanism calculates 
channels with high thermal contrast between defects and 
the background, assigning higher weights to these chan-
nels based on the aforementioned formulas. To illustrate 
this process, a frame from the infrared image dataset 
was used, as shown in Fig.  7. Here, the capital letter X 
represents the feature map extracted by the VGG16 net-
work, whereas X ′ denotes the re-weighted feature map 
obtained through the ECA mechanism. By comparing 
the visualizations of X and X ′ in Fig. 7b, it is evident that 
the ECA mechanism effectively emphasizes channels 

(6)X ′ = X ⊗ αi

critical for defect detection, thereby enhancing detec-
tion accuracy. This viewpoint is further corroborated in 
Fig. 7c, where the X ′ proposals more accurately highlight 
the defects, as evidenced by their closer match with the 
sample image showing the ground truths of the defects, 
compared to the proposals derived from X.

Improved faster R‑CNN base on ECA mechanism
In the context of the Faster R-CNN- framework, the 
integration of the ECA mechanism enhances the overall 
architecture, as illustrated in Fig. 8.

In the improved Faster R-CNN model in Fig.  8, the 
VGG16 network is used as a feature extractor (cf. Fig-
ure  8) to extract features from the input image. These 
features are then weighted by an ECA module, which 
adjusts them according to the importance of the features, 
emphasizing the feature channels that are more critical to 
the task of defect detection in infrared thermal images.

The weighted feature maps are fed into the RPN, which 
is a FC network that slides over the feature maps and 
proposes target regions that may contain defects. The 
extracted information is generated based on the prob-
ability of target presence and bounding box location 
information. The extracted information is then passed 
through the RoI-pooling layer (see Fig. 8) to ensure that 
all proposal areas are of the same size and provide stand-
ardized inputs for subsequent steps.

In the final step, the RoI-pooling features are passed to 
the FC layers, including a SoftMax classifier and a bound-
ing box regressor (cf. Figure 8). The classifier is respon-
sible for recognizing the class of each proposal region, 
whereas the regressor adjusts the position and size of the 
proposal regions to accurately cover each defect. Such 

Fig. 7  a Original image input forward VGG16 network structure, b ECA module structure diagram, visualizing input feature map X and re-weighted 
output feature map X′ c comparing the visualizations of X and X′ proposals
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structural improvements, especially through the intro-
duction of the ECA mechanism, make the model more 
accurate and efficient in defect detection.

To help readers better understand the convolution 
operations, the authors have visualized the convolutional 
process using input images from the training stage, as 
shown in Fig. 9:

Experimental results and analysis
In order to verify the effectiveness of the Faster R-CNN-
ECA model for detecting defects in polyptychs, this study 
experimentally analyzes infrared thermal images col-
lected on a realistic sample and compares the detection 
performance of the improved Faster R-CNN model with 
that of the traditional Faster R-CNN model. Following 
this, the comparison experiments were conducted on an 
identical comprehensive home-made dataset.

Experimental environment
These experiments were conducted on Windows 10 oper-
ating system and the deep learning framework used was 
PyTorch. For hardware, the experiments used Intel Xeon 
E5-2670 CPUs and NVIDIA GTX 3060 GPUs, as well as 
hard disks of 2 TB capacity [32]. The defect detection and 
analysis experiments followed a couple of open-source 
code and mechanisms, including the ECA mechanism 
[30] and Faster R-CNN network structure [27].

Dataset and parameterization
In this experiment, thermal images of polyptych sam-
ples were collected using an infrared thermal camera. 
The infrared camera employed is the FLIR X8501sc 
with a resolution of 1280 × 1024 pixels, utilizing an InSb 
detector and operating in the 3–5  μm mid-wave infra-
red range. For samples A and B, five sets of valid infrared 
datasets were collected respectively. Each set contains 
1000 frames of infrared thermal images, covering the 
heating phase, cooling phase, and other relevant stages. 
From these datasets, selected the most representative 28 
thermal images of the polyptych samples for model test-
ing. The experimental setup and the actual photograph 
are shown in Fig. 10.

The limited variety of defect types and locations in the 
experimental samples, combined with the potential risk 
of secondary damage to the artworks from repeated IRT 
experiments, necessitates the use of numerical simu-
lations to expand the dataset. Numerical simulations 
were conducted using the geometric model described in 
Sect. 2.2 with the aim of expanding the dataset. Specific 
details on parameter settings for numerical modeling 
using COMSOL Multiphysics software, the reader is 
referred to [35].

To enhance the generalizability and robustness of 
the experiment, the defective infrared thermal images 
obtained from numerical simulation were therefore 

Fig. 8  Structural diagram of the improved Faster R-CNN network model
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scaled and distorted, and the number of infrared thermal 
images in the dataset was increased to 784. Therefore, 
there are 812 infrared thermal images in the experimen-
tal dataset, of which 28 are homemade datasets collected 

by infrared camera and 784 are numerically simulated 
infrared thermal images by using COMSOL Multiphysics 
software. Among the 812 images, 90% is used as training 
set and remaining 10% is used for testing set.

Fig. 9  Input image for convolution operation in training phase: a Input image (256*256 dimensions), b Performs 64 3*3 convolutional kernel 
operations (256*256 dimensions), c Performs 128 3*3 convolutional kernel operations (128*128 dimensions), d Performs 256 3*3 convolutional 
kernel operations (64*64 dimensions), e Performs 512 3*3 convolutional kernel operations (28*28 dimensions), f Performs 512 3*3 convolutional 
kernel operations (14*14 dimensions)

Fig. 10  a Schematic diagram of the infrared thermal imaging experimental acquisition device with detailed equipment information and distances, 
b the actual Photograph of the experimental setup
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In response to concerns regarding the disproportion-
ate number of simulated images, it should be noted that 
the inclusion of a substantial number of high-fidelity 
simulated images is essential. This strategy allows the 
model to be exposed to a diverse array of defect types 
and conditions, thereby enhancing its generalization and 
robustness.

The training optimization strategy of the model uses 
the stochastic gradient descent (SGD) method, and 
VGG16 is chosen for the backbone network. The specific 
settings of each parameter in the experiment are detailed 
in Table 1.

Assessment of indicators
To evaluate the detection capability of the model, the 
following key metrics are used: average precision (AP), 
average recall rate (AR), time required for detection, 
and the model’s memory consumption [33]. Together, 
these metrics reflect the model’s performance in terms of 

accuracy, efficiency, and resource utilization, providing a 
comprehensive basis for evaluating the model’s perfor-
mance. The explanation of the model evaluation metrics 
is detailed in Table 2.

Comparison of experimental results
To further enhance the accuracy of the defect detec-
tion study of polyptychs, this study introduces the ECA 
mechanism model, which enhances the model’s ability 
to identify and localize defects. This measure helps to 
improve the performance of the model in the defect 
detection task.

To observe the differences of the two models more 
intuitively, experiments were conducted on the same 
test dataset using both the original Faster R-CNN 
model and the improved Faster R-CNN with both 
models employing VGG16 as backbone network. The 
relevant performance metrics were measured, and the 
detailed values are provided in Table 3.

Table 1  Parameterizations of the improved Faster R-CNN based ECA mechanism

Parameter name Total training steps Basic learning rate

Value 37000 0.0001

Parameter name Parameters
ǫ

Impulse setting

Value 10
−8 0.9

Table 2  Explanation of the meaning of the model evaluation indicators

Indicators Meaning

AP50 When the Intersection over Union (IoU) threshold is set to 0.5, measures the average accuracy of the model in to identify 
the targets [34]

AP75 When the IoU threshold is set to 0.75, measures the average accuracy of the model to identify the targets

APS The average precision for small objects (less than 322 pixels in area), measures the model’s capacity to identify small targets

APL The average precision foy large objects (more than 962 pixels in area), measures of the model’s capacity to identify large targets

AR1 The average recall when processing one image at a time, indicates the proportion of the number of targets detected 
by the model from a single image to the actual number of targets

AR10 The average recall when processing 10 images at a time, indicates the proportion of targets detected by the model from 10 
images to the actual number of targets

AR100 The average recall rate when processing 100 images at a time, indicates the proportion of the number of targets detected 
by the model from 100 images to the actual number of targets

Memory consumption The amount of memory used by the model during the detection process

Table 3  Comparison of model testing performance metrics

AP is in percent; time is in seconds; memory consumption is in MB

Model AP50 AP75 APS APL AR1 AR10 AR100 Detection time Memory consumption

Faster R-CNN 81.6 70.2 46.3 64.7 50.1 54.8 56.4 0.31 3200–7000

Improved modelling 87.3 72.2 54.8 66.5 52.2 57.7 57.8 0.33 3400–7500
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Results and discussion
To provide readers with a more intuitive visual com-
parison of the differences between the two models, four 
representative infrared thermal frames from the cooling 
phase of the IRT experiment were selected and detected 
using both models. The experimental results are shown 
in Fig. 11: The images in each row are, in order, the infra-
red thermal image of experimental sample A, the infrared 

thermal image of sample A after a total-variation regular-
ized low-rank tensor decomposition (LRTDTV) de-noise 
and Fourier transform, the infrared thermal image of 
experimental sample B, and the infrared thermal image of 
sample B after LRTDTV de-noise and Fourier transform.

Among them, the infrared thermal image in Fig.  11b 
is obtained from sample A after LRTDTV noise removal 
and Fourier transform, and Fig.  11d is obtained from 

Fig. 11  Results of the IRT experiments: a the original thermal image of sample A marking three real labels, b the thermal image of sample 
A after processing and marking three real labels, c the original thermal image of sample B marking three real labels, d the thermal image of sample 
B after processing and marking three real labels, e the original thermal image of sample A at the 4.96 s moment after applying the Faster R-CNN 
model, f the thermal image of sample A after processing and applying the Faster R-CNN model, g the original thermal image at the 5.88 s moment 
of sample B after applying the Faster R-CNN model, h the thermal image of sample B after applying processing and the Faster R-CNN model, 
i the original thermal image of sample A after applying the improved model, j the thermal image of sample A after processing and applying 
the improved model, k the original thermal image of sample B after applying the improved model and l the thermal image of sample B 
after processing and applying the improved model. (The term of processing refers to LRTDTV de-noising and Fourier transformation; the improved 
model is the improved Faster R-CNN model base on ECA mechanism.)
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sample B for the same image processing. After the LRT-
DTV denoising process, the Fourier transform is applied 
to optimize the contrast and sharpness of the image even 
more. The specific implementation about the aforemen-
tioned algorithm, the reader can refer to [35].

By comparing Fig. 11b, Fig. 11f, j, it can be found that 
the constructed automatic defect detection network 
based on the improved Faster R-CNN can be better 
detected for the tiny defects that are difficult to be found 
by human eyes.

By comparing the first set: Figs.  11c, d, the second 
set: Figs. 11g, k, and the third set: Figs. 11h, l, it can be 
observed that the noise interference in infrared thermal 
imaging is better removed after applying the LRTDTV 
denoising method. More data supporting this viewpoint 
can be found in [35].

Conclusion
In this study, an improved Faster R-CNN model inte-
grated with the ECA mechanism is proposed, aiming 
at detect potential defects in infrared thermal images 
at high-resolution acquired on ancient polyptychs. By 
integrating the ECA mechanism into the VGG16 archi-
tecture, this model significantly improves the recogni-
tion accuracy of tiny defects, which is experimentally 
validated and demonstrates its remarkable efficacy in 
improving the detection accuracy.

1. This study innovatively combines the VGG16 
network with the ECA mechanism to optimize the 
model for the detection of subtle defects in cul-
tural heritage via IRT technique, which effectively 
improves the accuracy of defect detection in polyp-
tychs.
2. The introduced ECA mechanism optimizes the 
feature extraction process and enhances the model’s 
ability to identify and characterize the defective fea-
tures of polyptychs, thus improving the model’s sen-
sitivity to and speed of identification of small defects.
3. This method combines IRT, numerical simula-
tion and image de-noise technique to construct an 
improved automatic defect detection network, which 
is capable of accurately identifying surface and sub-
surface defects in artifacts, while maximizing their 
preservation. The visualization of the thermal images 
is improved by the LRTDTV image denoising step, 
which enables the detection of imperceptible dam-
ages and defects in cultural heritage samples.

To summarize, the improved Faster R-CNN model 
combined with the ECA mechanism not only signifi-
cantly improves the accuracy of IRT defect detection for 
polyptychs, but also maintains rapid processing speed 

without substantially increasing the computational cost. 
These results are valuable for the real-time cultural her-
itage preservation and automated defect recognition 
system, offering a novel technical strategy for quality 
monitoring and safety assessment in the field of cultural 
heritage. Future research will focus on extending this 
method to a wider range of cultural heritage artifacts to 
evaluate its robustness and generalizability, as well as 
exploring other deep learning models to further enhance 
detection performance.
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