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ABSTRACT
Non-destructive evaluation (NDE) of heritage structures is essential and necessary for effective

conservation with long-term preservation. In recent years, deep learning techniques with the
help of computer vision have emerged as powerful tools for analyzing and detecting damage in
historic monuments and its structural assessment. This methodological review examines
progression from classical machine learning approaches to convolutional neural networks,
generative adversarial networks, and attention-based models is analyzed. This paper also
highlight their roles in damage detection and monument recognition. It compares classification
and segmentation techniques based on their methodological strengths, limitations
and suitability for various heritage sites.

The discussion covers key challenges such as data scarcity and practical application of these
methods in real world scenario. Future research directions are outlined to help develop reliable
and interpret able Al-based tools for heritage conservation.
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I. INTRODUCTION

This Cultural heritage structure including archaeological
sites, historic buildings, palaces, forts and religious
monuments represent invaluable records of human history,
artistry and their cultural identity. Preserving these heritage
buildings is essential, as they serve as tangible links to the
past, promoting cultural inheritance and national identity.
Conservation of these monuments is challenging aspect due
to their natural aging, environmental exposure, weather
conditions, urbanization, tourism and vandalism. These are
the factors that affect the historic monument condition.
Reliable assessment of structural condition and material
degradation is therefore essential for effective conservation
planning.

The traditional inspection approach proceeded by
archaeological survey, take the images and analyse with the
previous images and then predict the monument degradation.
However, traditional inspection techniques often involve
invasive or contact based procedures that may damage to
susceptible heritage materials. As a consequence, non-
destructive evaluation (NDE) methods have emerged as an

essential pillar of modern cultural heritage conservation
practices.

Primary computational approaches relied on classical
machine learning (ML) techniques, such as support vector
machines and classifiers, combined with handcrafted features
extracted from visual data [1] [2]. In recent years, Al
technologies can classify the monument structure and also
increasingly employed in heritage conservation to detect
specific structural issues such as cracks, weathering and
erosion with the help of some tools like image recognition,
drones, and sensor networks. As conservation is an ongoing
and dynamic process, these Al models must continuously
monitor environmental factors, such as weather patterns and
pollution and predict the long-term stability of monuments.
The inception of deep learning, specifically convolutional
neural networks (CNNs), represented a paradigm shift in
automated heritage analysis by enabling end-to-end feature
learning directly from raw images. CNN based architectures
have achieved notable improvements in tasks such as crack
detection, surface deterioration assessment, monument
recognition, and damage segmentation [3][4][5][6][7].
Advanced region-based and segmentation frameworks,
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including Mask R-CNN and UNET, have further enhanced
the localization and quantification of damage patterns in
historic masonry, stone monuments, and concrete structures
(8191

Consequently, generative adversarial networks (GANs)
models expanded the methodological landscape by
addressing data scarcity and anomaly detection challenges
commonly encountered in heritage applications. GAN-based
approaches have been employed for synthetic data
generation, image enhancement, and unsupervised defect
detection, improving model robustness under limited training
data conditions [10].

II. LITERATURE REVIEW

Researchers have been working on Image classification and
segmentation technique of deep learning for various
monument images. After classification and segmentation, the
damage will be detected automatically and this will help for
further preservation process.

Global features like non-linearity edges, textures, corners and
color was detected using Convolutional layer. It provides
accurate detection and classification of monuments and real
time monitoring [11].

The paper [12], demonstrates architectural landmark by
taking picture and learn about it in terms of its historical and
cultural significance, and also know more about how various
design styles have diverged or amalgamated to give rise to
these architectural wonders around us.

According to [13], a deep learning based approach developed
to automatically identify Indian heritage monuments from
images. Detection model includes: RCNN, SPPNET, FAST
RCNN, FASTER RCNN and Feature Pyramid Network.
CNN can achieve high accuracy and performance on a
diverse and challenging dataset of Indian Monuments.
Alongside architectural advancements, the nature of
computer vision tasks in cultural heritage conservation has
diversified. Classification approaches are commonly used for
identifying monument and its present condition, i.e., damage
type recognition [14] [13], here detection methods mainly
focus on structural elements or locating defects, and
segmentation  techniques describe measurement of
deterioration regions, i.e., depth of the defect [15] [16]. The
effectiveness of each task and methodology depends strongly
on different factors such as heritage material, soil quality,
weathering conditions and conservation objectives. However,
much of the existing research focuses on application specific
outcomes, with limited comparison of the strengths,
weaknesses, and overall suitability of different learning
approaches.

Recently, Rank-R tensor based learning model is used to
identify and classify material defect on Heritage monuments.
By modelling global dependencies and selectively weighting
relevant patterns, attention mechanisms offer improved
robustness and accuracy on hyper spectral images, multi-
material structures, and ultra-fine degradation scenarios [17]

[18]. As compare to classic CNN methods, these models
have shown promising performance in applications such as
multi-sensor data fusion and large-scale monument
inspection [19] [20].

To address this gap, this paper presents a methodological
review of various deep learning techniques applied to the
non-destructive evaluation of cultural heritage structures.
Tracing the evolution from traditional machine learning to
modern CNNs and attention-based mechanisms, this paper
offers a comparative analysis of their application in heritage-
related classification, detection, and segmentation tasks.
Furthermore, it presents a critical discussion on the suitability
of these paradigms for diverse materials and conservation
contexts, ultimately establishing a structured guide for
selecting appropriate Al methods in cultural heritage.

III. METHODS

Computer vision techniques increases the use of damage
detection of historical monuments. The methods of Grey
level Co-occurrence matrix, Convolution Neural Network
and Deep learning algorithms are used in different historical
monuments for Non-Destructive Evaluation of Cultural
Heritage Structures.

For detecting the damage on historical monuments, the first
step comprises of the cleaning of the data and feature
extraction.

A. GLCM (Gray Level Co-occurrence Matrix)

GLCM uses early computational approaches relied on
classical machine learning (ML) techniques architecture for
historical monuments involves pre-processing, GLCM
computation, texture feature extraction and classification.
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Fig I: GLCM architecture for detecting historical
monuments
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A GLCM based system for analysing historical monuments
starts by collecting images of the structures. Images are then
pre-processed, which includes resizing of image, removing
noise and converting them from RGB to grayscale image.
This will clear the texture details. The Gray Level Co-
occurrence Matrix (GLCM) is then calculated at different
angles, to understand how pixel intensities relate to one
another in space. This matrix then help to find the key texture
features such as contrast, homogeneity, energy and
correlation which are extracted and combined into a feature
vector. This feature set are fed to traditional machine
learning models like Support Vector Machines (SVM), K-
Nearest Neighbours (KNN), or Random Forest for
classifying monument surfaces, i.e., for identifying whether
they are damaged or undamaged or facing specific issues like
cracks or weathering.

An early computational approach such as support vector
machines and GLCM, combined with handcrafted features
extracted from visual data to create content based image
classification by converting feature vector of the images and
classify using SVM [1] [2]. As these methods proved initial
success in monument classification and material analysis, but
their performance was often limited by weathering variations
and poor generalization across diverse heritage contexts.
GLCM method, were used to find different angles between
the pixels of the image. And from that feature extraction,
weathering recognition on monuments of fresh rocks and due
to eight different weathering types was done [7].

The objective of finding moss and crack damage in Rock
structures for geo- mechanical preservation was developed a
non-destructive deep learning model using GLCM and K-
means segmentation that can automatically detect, classify,
and evaluate two major types of monument decay: moss
growth and crack damage [21]. These methods provided
decay assessment, damage categories and damage indices to
support scientific conservation and restoration planning.

To preserve cultural heritage structure of various temples and
monuments of Tamil Nadu, LBP, Luminance and MLNN
provides better accuracy, recall, precision and F-score than
Luminance and SVM [22]. Here collected images from
various temples were pre-processed and fused with local
binary pattern and Luminance.

Again, canny detected edge was combined with brightness of
the image that improves PSNR (Power signal to noise ratio)
than the conventional method. [23].

B. Convolution Neural Network (CNN)

CNN follows a systematic flow from taking raw images as
input and convert it into final prediction. In CNN the RGB
images of monument surfaces are first fed to an input layer
and usually resized to 224x224 pixels. The input image then
passes through multiple convolution layers with very small
kernels (such as 3x3) that automatically extract major
features like edges, cracks, discoloration, texture
irregularities and surface discontinuities. Each convolution
layer is followed by a ReLU activation function to introduce

non-linearity and improve learning of complex damage
patterns and max-pooling layers are used to reduce spatial
dimensions while preserving critical features. As the
network goes deeper, it learns higher-level representations
of structural damage. The extracted feature maps are then
converted into one-dimensional vector and fed into fully
connected layers. Finally, the output layer uses a sigmoid
function used to predict the binary damage detection, i.e.,
damaged or undamaged or a softmax function for multi-
class classification for different damage types such as
cracks, erosion, or surface breakage.
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Fig II: CNN architecture for detecting damage in
historical monuments

The CNN methods can be distributed in three categories: for
image classification, for object detection and to find image
segmentation.

1) Image Classification: CNN methods used for historical
monument image classification include AlexNet, VGGNet,
ResNet, Inception, DenseNet, MobileNet, and EfficientNet.
Regarding damage identification of masonry historic
structures based on the sliding window algorithm, training
and validation based on Alexnet and GoogleNet was done,
the wall samples were tested and three types of damage:
spall, crack, and efflorescence, were quickly and effectively
identified. [3].

According to [6], while using various DL technique for
mobile historic landmark recognition, comparing between
VGGNet, ResNet and DenseNet, the highest F1 score was
calculated for DenseNets.

According to [24], the author created a database of historical
places of Pune to find construction age, type, colour, shape
and size of monument. Images were collected using
Samsung Galaxy M32 with 64 MP camera which was first
preprocessed, then using feature extraction they got image
classification. Using image restoration model every images
were restored properly.

ResNet V2 model was another image classification method
of CNN used to detect defect like cracking, flaking, erosion
and salt efflorescence in Isfahan historical bridges [16].
Using DL methods, extensive database of defects in
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historical structures can be prepared that can help to
preserve cultural heritage.

Another method for CNN that can used for image
identification and classification is VGG16. This model helps
to find accuracy and loss values between training and
validation of the model. Receiver operating characteristic
(ROC) curves are used to assess the performance of
diagnostic tests and machine learning algorithms [25].

II) Object Detection: CNN methods used for object
detection of historical monuments include R-CNN, Fast R-
CNN, Faster R-CNN, Mask R-CNN, YOLO, SSD, and
RetinaNet.

Mask RCNN could also be applicable to assess other
damage types like spalling, efflorescence, segregation and
corrosion [4]. The model was then trained with labelled
examples of damage categories, Mask R-CNN can locate the
damage in parallel, classify its type, and accurately segment
the affected area, supporting detailed condition assessment
and conservation planning.

Another study [26], Mask R-CNN algorithm used to detect
and map the deterioration observed in the Gumusler
archaeological site. Model were tested on: 2 outdoor images
(wide & oblique angles) 2 indoor image, showing frescoes
and interior walls, where ResNet was the backbone and
applied with the Mask R-CNN. They developed a model
that automatically detects and maps deteriorations
(biological colonization, contour scaling, crack, higher
plant, impact damage, microkarst, missing part) and
restoration interventions using the Mask R-CNN algorithm,
which has recently come to the fore with its feature of
recognizing small and large-sized objects.

As far as moist area is concerned, the model of ResNetl101
and FPN provides highly accurate outcomes, unlike the
predictions for biological colonization, which are not as
much accurate [15].

Another method of object detection is YOLO. Identification
of the type of building using YOLO algorithm, [14],
determined typology of buildings using fagade images and
identified separately morphological and structural elements
of each period.

A thorough investigation [27], of the effect of camera
altitude, data balance and pre-trained weights on model
performance founds that models trained and tested on videos
taken from similar altitude on videos taken from different
altitudes. Models trained on balanced training subset with
pre-trained weighs from VOC outperforms other models.

IIl) Image Segmentation: CNN methods used for image

segmentation of historical monuments include U-Net, FCN,
DeepLabv3+, Mask R-CNN, HRNet, and FPN.
Authors of this paper [5], used computer vision with Unet to
detect the concrete cracks. They used U-Net based concrete
crack detection method which was compared with DCNN-
based method, and U-Net is found to be more elegant than
DCNN with more robustness, more effectiveness and more
accurate detection.

The study of Great Wall of China in respect to computer
vision was done by [28]. The GreatWatcher system, based
on MCS techniques and a deep learning algorithm, was
developed in this study, focusing on big data collection and
damage detection for the Great Wall.

Another study [19], extract the knowledge coming from the
typical analysis of B-Scan radargrams, GPR software can
convert the radargrams in depth scaled tomographies. The
user may then either fine tune the velocity models, or
alternatively use these results to identify the required
features in the examined structure and assess its layering or
state of preservation.

Use of HRNet architecture with SRF module and UE
module is another discovery for image segmentation [29].
To detect anatomical landmarks from radiological images,
which is able to model spatial and anatomical relationship
features between landmarks, HRNet shows high accuracy
and better robustness comparing with existing methods.

For detecting Indian monuments of Karnataka and Rajasthan
using DL methods [30], two models were simultaneously
used: Pix2Pix GAN Model where encoder-decoder form by
Unet generator and PatchGAN discriminator were used and
BiConvLSTM (BICP2P) Gan Model, where encoding path
retains higher- resolution feature maps and decoding path
gains by extracting semantic information. The result they
got that BICP2P is more efficient than Pix2Pix Gan Model.
All title and author details must be in single-column format
and must be centered. Every word in a title must be
capitalized. Email address is compulsory for the
corresponding author.

IV. HERITAGE PRESERVATION APPLICATIONS
Monument preservation is the need of the era to secure our
heritage. It is one of the most emerging application of deep
learning. Automatic detection system supports the
systematic documentation of historic structure over time, by
generating accurate visual records that help in planning,
conservation and restoring the monument for long time. The
technology blend of computer vision with deep learning,
helps to carry records of continuous monitoring of
monuments, identify early sign of deterioration or
sometimes the depth of the degradation also.

Also for Monument detection technologies, after introducing
the use of drone and satellite imagery, provide crucial
insights into weathering risks, including vegetation
overgrowth and flooding, that endanger heritage sites. The
blending of deep learning tools improves the preservation
workflows, thus enabling a proactive, data-driven approach
to heritage management and sustainability.

V. CONCLUSION

The most essential stage of conservation and preservation of
historic monuments is detection of defect in prior. The
computer vision with deep learning tools support the
detection techniques that helps to restore the monuments for
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long term. To guide future Al-driven initiatives in cultural
heritage conservation, this review systematically analyzes
the shift from classical approaches to advanced CNNs and
attention models. It outlines the applicability of these
methods in detection, segmentation, and classification, while

critically

evaluating their limitations across various

materials, offering a structured framework for informed
methodology selection.
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