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Abstract: Computer vision has advanced much in recent years. Several tasks, such as image recog-
nition, classification, or image restoration, are regularly solved with applications using artificial
intelligence techniques. Image restoration comprises different use cases such as style transferring,
improvement of quality resolution, or completing missing parts. The latter is also known as image
inpainting, virtual image inpainting in this case, which consists of reconstructing missing regions
or elements. This paper explores how to evaluate the performance of a deep learning method to
do virtual image inpainting to reconstruct missing architectonical elements in images of ruined
Greek temples to measure the performance of different activation functions. Unlike a previous study
related to this work, a direct reconstruction process without segmented images was used. Then, two
evaluation methods are presented: the objective one (mathematical metrics) and an expert (visual
perception) evaluation to measure the performance of the different approaches. Results conclude
that ReLU outperforms other activation functions, while Mish and Leaky ReLU perform poorly,
and Swish’s professional evaluations highlight a gap between mathematical metrics and human
visual perception.

Keywords: architecture; cultural heritage; virtual restoration; deep learning; inpainting; generative
adversarial networks

1. Introduction

Cultural heritage faces many threats to its security, both environmental, such as pol-
lution and climate change, and man-made, such as the intentional destruction of cultural
heritage. In this scenario, technology gives us unprecedented opportunities to preserve
and protect it. Digital technologies, from 3D simulation to artificial intelligence and vir-
tual/augmented reality, are being used to ensure cultural heritage preservation.

Among the tasks accomplished during the conservation of cultural heritage, restora-
tion stands out. In particular, virtual restoration, a type of restoration, obtains images of
the original state of a building by analyzing its ruins or a fragment of the building. These
virtual restorations were carried out using the techniques of representation and planimetric
restitution of the time, such as painting, engravings, and models. In all cases, the starting
point was a theoretical assumption of the original state. This assumption was based on the
buildings that maintained part of their integrity, on drawings and engravings from other
periods, and even on texts and manuscripts that described the structure under study with
greater or lesser fidelity [1].

Virtual restoration of historic buildings is a powerful tool for transferring knowledge
to society. By combining advanced technology with the richness of cultural heritage,
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new possibilities open for (a) education, (b) preservation, and (c) cultural promotion.
These practices not only help keep the past alive but also enhance our understanding and
appreciation of the cultural legacy we have inherited. In the field of education, these tools
improve (i) accessibility to cultural content, allowing people from all over the world and of
all backgrounds to access and explore historic buildings without the need to travel or create
complex infrastructure to accommodate the sites. Additionally, the (ii) interactivity of these
interventions can offer contextual historical, aesthetic–artistic, and architectural information.
Finally, (iii) immersion in virtual reality (VR) and augmented reality (AR) environments
provides experiences that can be more effective than traditional methods. Regarding
heritage preservation, virtual restoration serves as a (i) detailed record of the current state
of the building and allows for monitoring the lifespan of its construction elements, enabling
the identification of parts at risk of deterioration to implement appropriate preventive
measures. The virtual restoration models also offer significant possibilities to be used as
(ii) references in physical restoration projects, providing very precise information about
the original state. In terms of cultural promotion, virtual restorations can enhance (i) the
attraction of cultural tourism to many regions, especially rural ones, in an innovative way
and without the need for large investments in museum infrastructure. Moreover, mobile
applications and AR-based tourism guides can provide (ii) personalized and enriched
experiences for all types of visitors.

Artificial intelligence (AI) could play an important role in heritage preservation, not
only for its use in the study of physical remains but also for its application in virtual
restoration. Among all AI techniques, deep learning (DL) models have stood out for
obtaining very good results in the field. DL was defined by [2] as those models that can
learn the representation of a dataset using different levels of abstraction. Image restoration
is linked to the virtual restoration of cultural heritage, which, in the case of DL models, can
be framed as image-to-image translation.

Image-to-image translation is a method that uses data to translate the possible repre-
sentation of a scene to another representation, usually by super-resolution, colorization,
and inpainting. In [3], the aim of the latter is described as starting from a region of missing
pixels, generating those that are realistic and semantically coherent with the existing ones.
In our case study, starting from the image of a render representing a building in ruins, we
intend to obtain the image of the restored building. As we do not have missing pixels
but missing architectonical elements, we have defined our work as virtual restoration
inpainting, a method to synthesize objects from pixels so that these objects are semantically
coherent with the context represented in the rest of the image.

The motivation for this work arises because when it comes to virtual restoration.
In this way, the appearance that the original construction must have had is based on
assumptions and, therefore, on an uncertain solution. However, in some cases, references
to determine the original state may be evident. For example, using historical photographs,
in most cases, there is no reliable information available on how the missing elements could
have been organized. The thesis we put forward is that the architectural language, based
on a repetition of constructive, compositional, and structural patterns, can be decisive
in intuiting effective solutions for virtual reconstruction. The study of the architectural
language of a period or style from the analysis of these patterns can help to consolidate
a new and more efficient reconstruction methodology by benefiting from deep learning
models. The problem is that we need evaluations adapted to the problem of reconstructing
the missing architectural elements of a building in such a way that they make sense from
an architectural point of view.

The work presented in this paper is based on [3], where different methods were
used to restore images of renders representing Greek temples in ruins. In that previous
paper, one of the methods was based on the use of a segmented image in which the
different architectonical elements were marked with different colors. Although this method
obtains really good results, using this segmented image supposes a high expenditure in
computational and human resources and time. Our research now explores approaches
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based on direct training of GAN (Generative Adversarial Network) models, which means
that from only the image of the render of the ruined Greek temple can we obtain its restored
version. To this end, we have improved our dataset and fine-tuned the neural models by
using different sets of hyperparameters and testing different activation functions among
the most up-to-date options currently used in other DL fields.

Although this is an improvement from the previous work, the main innovation lies in
the process used to evaluate the results of the task of reconstructing Greek temples from
images of 3D renders. As the main objective is to reconstruct the architectonical elements,
we provide a method to evaluate this task, avoiding problems that arise from the generation
of artifacts, image quality, and other issues. These results are assessed through objective
(using mathematical metrics) and subjective (asking an expert in the field) evaluations to
measure the strengths of direct training that does not have intermediate steps as using
segmented images.

As mentioned above, this work consists of a method that receives an image of a
render representing a Greek temple in ruins and can directly detect which are the missing
architectonical elements, returning the same image with the restored temple. For this
purpose, we have used generative adversarial networks (GANs) that have been trained
with only pairs of an image of the ruined temple and its corresponding image with the
complete temple. Following, we list some works related to the actual research.

As this work can be framed in the field of data-driven image analysis, we can highlight
the following works. In [4], a survey of data drive image methods using Machine Learning
or Deep Learning methods applied to digital restoration in the field of cultural heritage
is presented. A data-driven methodology for managing and conserving archaeological
heritage sites using digital surveying tools and Heritage/Historic Information Modeling
(HBIM) within a BIM environment is introduced by [5]. In [6], the parametric modeling of
heritage buildings using Terrestrial Laser Scanning (TLS) or Structure from Motion (SfM)
data within a Rhino + Grasshopper-ArchiCAD workflow for HBIM projects is enhanced.
Apart from that, there are not many papers on data-driven image analysis in the field.

Deep learning has been a milestone for the restoration image task. In [7], coronary
computed tomography angiography was restored by reducing noise using deep learning-
based image restoration (DLR). Similar to this, a deep learning model is used in [8] to
remove honeycomb patterns and improve resolution in another type of medical image, a
fiber bundle. Another restoration image work with medical images is [9], where low-dose
CT (LDCT) images are denoised by using GAN training with autoencoders and CNNs.
FormResNet is a CNN-based model presented by [10] that restores images by learning
the structured details and recovering the latent clean image. Other works using similar
approaches but applied to X-ray Computed Tomography (CT) are [11,12]. Finally, a model
based on Transformers is applied for image restoration in [13].

In the case of architecture and cultural heritage, we find a review paper authored
by [14]. In [15], GANs are used for the reconstruction of 3D models of architectural
elements. Another work is [16], which presents a semi-supervised 3D model reconstruction
framework with GAN models. It is applied to the reconstruction of scenes containing
architectonical buildings. An approach aimed to reconstruct the faces of statues with a
particular type of GAN called Wasserstein is described in [17]. The research proposed
by [18] uses CNNs to classify cultural heritage images, enhancing image management
and search efficiency. The paper by [19] presents ReCRNet, a deep learning model that
outperforms existing methods in detecting concrete cracks, making it highly effective for
monitoring the structural health of historical buildings. Then, an automated deep learning
system using Faster R-CNN to detect and classify four types of damage in outdoor stone
cultural properties is presented in [20]. Also, there is a study by [21] that presents a custom
YOLOv5 deep learning model for detecting and localizing four types of defects in cultural
heritage structures. Finally, in [22], a CNN system with transfer learning is developed to
assess the condition of building facades in the historic Lasem District (Central Java).
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This work builds on the methods presented in [3], with a focus on the performance
using the direct method. This method, which does not rely on segmented images, recon-
structs the temple from a single image of the ruins. In contrast, the segmented method
described in [3] involves two steps: first, segmenting the image by architectural elements,
and second, reconstructing the temple using the segmented image, which is less efficient in
computational terms. Testing various hyperparameters and analyzing the results from an
architectural perspective are key aspects of this study. The evaluation is based on subjective
and objective methods that consider the reconstruction of the architectonical elements
considering the problems produced by graphic artifacts and other issues.

The rest of the paper is structured as follows. Section 2 describes the dataset used
to train the models and defines the methods applied in the work. Section 3 compiles all
the results related to the training workflow and both evaluations: the objective and the
subjective. Finally, Section 4 obtains some conclusions and points out several future works.

2. Material and Methods
2.1. Dataset Description

The architecture of the classical Greek period, especially the Doric order, is sufficiently
systematic to attest to constructive and compositional patterns based on the architrave
scheme formed by columns and entablatures. The dataset incorporates 30 buildings from
this period that correspond to different configurations of the classical temple, depending
on the number of columns and their organization around the sanctuary wall.

All these buildings have been modeled in 3D in their original state and progressively
destroyed in three stages to enrich the number of possibilities for viewing and therefore
analyzing the ruined structure. This decision was based on the impossibility of having pairs
of photographs of restored temples and their previous ruins. The software used in this case
was SketchUp (https://www.sketchup.com/, accessed on 11 April 2024), a 3D modeling
program, V-Ray (https://www.chaos.com/es/vray/sketchup, accessed on 11 April 2024).
NEXT version, computer-generated rendering software, and 3DSMax (2023 Autodesk).

For the time being, this study focuses on the formal and volumetric aspects of the
building and, therefore, has not incorporated added sculptural elements in pediments,
metopes, and acroteries, nor the striking polychromies that covered the stone that made up
the temple. In this dataset, care has been taken in the application of more realistic stone
textures in conjunction with a global lighting system that provides more nuances to the
areas in shadow and half-light, being able to distinguish many more elements.

The position of the cameras that focus on the 3D model, which is used to obtain
images, has also been studied. To obtain better images, care has been taken with the
framing, maintaining the verticality of columns and walls, with the aim of not forcing the
perspective and deforming the architectural elements excessively. Taking advantage of
a complete circular path of the camera around the building, 360 images (512 × 512 px)
have been obtained, capturing all the material and light nuances of the model as shown in
Figure 1. This has provided 43,200 images to feed the learning of the neural network. As the
perspectives of the four corners could lead to confusion in the recognition and computation
of columns, it was decided to manually eliminate some of the images of that area, which in
Figure 1 is called “threshold”.

In addition, a realistic environment has been modeled using a 3D mesh, incorporating
a terrain texture, which serves as a background for the images of the temples. The ground
on which the plinth rests also has some irregularity that interacts with the model and the
shadows cast from it. The presence of the landscape is fundamental to the analysis of
the images as it will force the neural model to discern the figure (the building) from the
background. Figure 2 shows an example of a pair of ruined and restored temples.

https://www.sketchup.com/
https://www.chaos.com/es/vray/sketchup
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2.2. Methods

In this section, we provide a formal description of all the deep learning methods and
parameters related to the proposed trainings for virtual inpainting restoration. First, the pre-
processing methods applied so the models could be trained faster and more accurately are
presented. Second, GAN networks are defined, and the architectures of the discriminator
and generator are detailed. Third, the activation functions that are evaluated in this work
are mathematically formalized. Finally, the training process for the GAN is described step
by step, detailing the role of the dataset, the generator, and the discriminator.
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2.2.1. Data Pre-Processing

The proposed training needs some transformation to optimize it. Before introducing
the data into the model, we normalized the images that were in a range from 0 to 255,
transforming them to a range of [−1, 1].

2.2.2. Generative Adversarial Networks

The training was conducted using GAN, which is a method introduced by [23], and
included two neural models that compete to generate and improve synthetic data. The first
model, the generator, creates new instances. The second model, the discriminator, evaluates
the created data. Then, both models compete, so the generator tries to convince the
discriminator that the synthetic data (created by the generator) belong to the initial dataset.

2.2.3. Generator and Discriminator Architectures

We have decided to use a similar architecture for both the generator and the discrimi-
nator. These architectures consider pix2pix as a starting point [24]. The generator uses an
autoencoder, while the discriminator is of Markovian type.

Autoencoders are based on the use of convolutional–deconvolutional architectures of
2 dimensions. They were introduced by [25] and are aimed to receive and input data that
are downscaled until a minimal piece of data represents its essential information, which is
later upscaled to obtain the input data or an expected one. As the aim of our work is the
virtual reconstruction of images containing ruined temples, this architecture fits perfectly
by using these images as input data and returning the image of the same temple but adding
the missing architectonical elements. Apart from that, we are adding skip connections to
the model.

A Markovian decoder is a particular type that does not evaluate the generated images
as a whole but evaluates different patches separately. By doing this, the discriminator has
more capacity to evaluate local textures, which is important in this case. The discriminator
uses a sliding window that considers the local continuity and context details. This is
important when evaluating how they have been added to the missing architectonical
elements. The sliding window consists of an NxN patch that goes through the whole image
and evaluates whether each part belongs to an original image or a created one. In summary,
the discriminator uses a 2D CNN architecture to obtain the main features of the image and
then a Markovian patch that evaluates them as belonging to the original dataset or being
synthetic. The result is a matrix with values going from 0 to 1, depending on the previous
evaluation. If the value is near this part of the image, it is synthetic, and if it is near 1, the
part of the image is original.

2.2.4. Activation Functions

Deep learning models comprise a wide range of hyperparameters that must be tuned
to improve their performance. The choice of the proper activation function has been
demonstrated to be critical [26]. Activation functions are defined by [27] using the follow-
ing equation.

g: R→R (1)

g is a function that is differentiable almost everywhere. Its behavior consists of computing
the weighted sum of input features plus a bias to decide whether the neuron is activated. A
way to measure the performance of direct training is to test different activation functions
and evaluate them. In this case, we have decided to use the Rectified Linear Unit (ReLU),
Leaky ReLU, Swish, and Mish. In the following, we mathematically formalized these
activation functions.
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ReLU was introduced by [28], which thresholds the output value at 0 when the
calculations in the neuron are smaller than 0 and the value itself when it is greater or equal
to 0. Equation (2) formalized this activation function.

yi =

{
xi if xi ≥ 0
0 if xi < 0

(2)

Leaky ReLU is a modification of ReLU introduced by [29]. Instead of returning 0 in the
first condition, it produces a small gradient. Equation (3) describes this activation function.

yi =

{
xi if xi ≥ 0
xi
αi

if xi < 0 (3)

In this equation, αi is a parameter with a fixed value that ranges from 1 to ∞.
Swish is an activation function described by [30]. It seems to be a nonlinear interpola-

tion between the linear function and ReLU with smooth behavior. Equation (4) describes
this activation function.

yi = x·σ(βx) (4)

In the equation above, σ(z) = (1 + exp(−z))−1 is the sigmoid function, and β is a
constant or trainable parameter.

Mish is a self-regularized non-monotonic function introduced by [31], whose mathe-
matical formalization can be found in Equation (5).

yi = xtanh(softplus(x)) = xtanh(ln(1 + ex)) (5)

2.2.5. The Training Workflow

As said above, this paper aims to evaluate and explore the performance of direct
training that receives the image of a ruined temple and returns that temple reconstructed
by adding the missing architectonical elements. So, for the training, we need pairs of a
temple in ruins and the same temple complete. This algorithm comprises 4 stages that are
repeated for each epoch with batches of n images from the training dataset. The 4 stages
are described as follows:

1. n images of ruins {x1,. . .,xn} are taken from the training dataset;
2. n equivalent images of the reconstructed temple {y1,. . .,yn} are taken from the train-

ing dataset;
3. The generator’s hyperparameters are tuned with the gradient descent;
4. The discriminator’s hyperparameters are tuned with the gradient descent.

In depth, the training dataset is introduced in the generator autoencoder until it finds
a mapping between both types of images (the image with the temple in ruins and its
reconstruction). This is achieved by benefiting from the encoder, which reduces the input
data size by applying convolutional layers (encoder) until the information is reduced to
a small piece of data containing the main features. Then, this piece of data is upscale
(decoder), trying to convert it to the output data (restored temple). This output image
is what needs to be evaluated. This task is performed by the discriminator, which will
evaluate if the image belongs to the original dataset or has been created by the generator.
This information provided by the discriminator is used by the generator to improve its
performance by tuning its hyperparameters. Figure 4 describes the training process.
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If we consider x ∈ X as the input image of the model that represents the temple in ruins
belonging to the training dataset, then y ∈ Y will be the expected results, which, in this case,
is the same temple with missing architectonical elements. The generator G reconstructs
image ygen and also denotes G(x) = ygen. The discriminator produces two outputs that
measure the distances between images. First, how different are the image of the ruined
temple x and its corresponding image of a complete temple y denoted by D([x,y]) = mreal.
Second, the same calculation between the ruined temple and the reconstruction made by
the generator, D([x,ygen]) = mgen. In both cases, the outputs represent matrices of 0’s and
1’s. To evaluate the generator’s loss, the following function is used.

Gloss = − 1
n∑n

i=1 log(D(x, G(x))) + λL1(G) (6)

where L1 is the L1 distance between the expected value y and G(x) to minimize it.
Then, the loss of the discriminators is evaluated. For this task, both the generated im-

age and the expected image (one from the training dataset) are used, and Dloss is evaluated
using the following equation that scales the results by 1

2 based on the pix2pix paper.

Dloss = −1
2
[−∑n

i=1 log(D(x, y))+log(1 − D(x, G(x) ))] (7)

To evaluate the direct training, we have designed several experiments that differ in
the activation function. During this training, the dataset was split into training, validation,
and test by using 2 complete temples for validation and 1 for the test. This decision has
been taken considering the similarity between the images of one temple. The test temple
has not been chosen randomly due to this condition. In this way, we have ensured that this
temple is sufficiently different from those used in training. In terms of number, the training
set comprises 9720 images, the validation set 720, and the test set 360.

2.3. The Architecture of the Models

The GAN architecture is used to generate new realistic data similar to the training set
through two main components that are trained together: the generator and the discrimi-
nator. The generator’s main objective is to create realistic samples of the data, while the
discriminator’s objective is to identify whether the input data are created by the generator
or belong to the training set. The training process involves a competitive method where
both models strive to outsmart each other. This approach enhances the results and achieves
a higher degree of realism.
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The hyperparameters of both architectures were obtained after using a grid search
strategy, which consists of creating a set of hyperparameters and combining different values
to obtain the model with the best performance [32]. Values used for this hyperparameter
tuning are compiled in Table 1.

Table 1. Hyperparameters and values for the grid search.

Hyperparameter Values

Learning rate 2 × 10−4, 2 × 10−3

Batch 6, 14
Normalization types Instances, Batch

Optimizer RSMProp, Adam

From the table above, we can define the different terms. The learning rate quantifies
the step size during model training to achieve a local minimum [33]. In this case, it can take
the values 0.0002 and 0.002. Batch refers to a subset of the training dataset used to train the
model during one iteration of the training process, which can be 6 or 14 pairs of images.
Then, normalization techniques are used to improve the performance and training stability
of the models. In this case, we have used Batch Normalization and Instance Normalization.
The former normalizes the inputs of each layer across a batch of data [34]. The latter
normalizes the inputs of each layer for each instance (sample) individually rather than
across the batch [35]. Finally, ref. [36] defines the optimizer as the algorithm used to adjust
the weights and biases of a neural network to minimize the loss function during training.
In this case, we have used RSMProp and Adam. RMSprop is an optimization algorithm
that modifies the learning rate of each parameter individually based on a moving average
of the squared gradients [37]. Adam is an adaptive learning rate optimization algorithm
tailored for training deep neural networks [38].

The generator in our model begins with an input layer sized 512 × 512 × 3 due to the
colored images. This input is processed by convolutional blocks, each consisting of a 2D
Convolutional layer, Batch Normalization layer, and Leaky ReLU activation function. The
number of neurons in these blocks increases as follows: 64, 128, 256, 512, 512, 512, 512, and
512. After reducing the image to a smaller representation, the model then upsamples the
data back to the original image size using deconvolutional blocks. These blocks contain a
Transposed 2D Convolutional layer, a Dropout layer, and the activation function to evaluate.
The neuron counts for these blocks are 512 for the first four, then 256, 128, and 64 for the
subsequent ones. The final layer maps the output to RGB channels using a 2D convolutional
layer with three neurons and a hyperbolic tangent activation function. Skip connections
are used between corresponding convolutional and deconvolutional blocks to preserve
features lost during downsampling.

The discriminator has two input layers, each of size 512 × 512 × 3, one for the
generated image and one for the original image. These inputs are combined into a single
layer of size 512 × 512 × 6 and processed through a series of convolutional blocks, each
with a 2D Convolutional layer, Batch Normalization layer, and Leaky ReLU activation
function. The neuron counts in these blocks are 64, 128, 256, and 512. Following this, a
final 2D convolutional layer with a sigmoid activation function and a 4 × 4 filter outputs a
62 × 62 × 1 probability map, with values ranging from 0 to 1, indicating whether the input
image is real or generated.

2.4. Objective Evaluation

The initial evaluation of the models is conducted using mathematical functions to
obtain an objective assessment. We measure the pixel-wise accuracy by comparing the
generated images with the expected images. An ideal generated image would have all its
pixels exactly matching the corresponding pixels in the expected image. For this evaluation,
we utilized images of three temples that were not included in the training phase. Each
temple has three levels of destruction, resulting in a total of 1080 images (3 levels × 360
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images per level). From this dataset, we randomly selected 45 images from each perspective
of the temple for evaluation and calculated the pixel match accuracy. This process was
repeated for each model trained with different activation functions. Additionally, we
calculated the structural similarity (SSIM) index, which assesses the structural similarity
between images while separating the effects of luminance and contrast. The formula for
this metric is provided in the following equation.

SSIM(x,y) = [l(x,y)]α·[c(x,y)]β·[s(x,y)]γ (8)

In this equation, x and y are the images, l is the luminance, c is the contrast, and s is
the structure. Then, the influence of these characteristics is provided by alfa and β, whose
values are greater than zero.

The generative models have a problem when creating new images; in some cases,
artifacts like flashes or sparkles can be included. This fact adds noise that can be reflected
in the evaluation of the generated image, but it does not have to affect the main aim of
the work, which is the reconstruction of the architectonical elements. Due to this issue,
we proposed two strategies to evaluate the temple reconstruction: one using the whole
generated image and another that applies a mask and only considers the non-matched
pixels (that is, the part corresponding to the architectonical missing elements in the image
and that the model seeks to reconstruct) between the image with the complete temple and
the image with the temple in ruins. An example of the obtained mask is shown in Figure 5.
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3. Results and Discussion

We first implement the strategy that allows for the evaluation of the whole generated
image, which is why it considers not only the reconstruction of the temples but also the
artifacts generated in the whole image. Since the images share a large percentage of pixels,
we have calculated a baseline to compare the results objectively, which measures the
difference in pixels between the image with the complete temple and the image of the
ruined temple. This is a way to know the thresholds from which the reconstruction begins.
Table 2 compiles this information considering the three degrees of destruction and the
different perspectives using the whole image. Values compute the average values and
standard deviations.
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Table 2. Baseline measures for SSIM using the whole image.

Perspective Degree 1 Degree 2 Degree 3

Frontal 95.91% ± 0.87 87.11% ± 5.29 77.65% ± 7.03
Front right vertical 96.68% ± 2.00 90.06% ± 5.84 82.10% ± 9.47

Right side 96.48% ± 3.05 90.54% ± 5.60 83.90% ± 8.36
Rear right vertical 95.22% ± 3.83 86.04% ± 9.83 80.05% ± 9.71

Rear 93.54% ± 3.37 81.93% ± 13.04 77.36% ± 11.53
Rear left vertical 96.58% ± 2.12 87.15% ± 9.16 83.83% ± 9.77

Left side 88.28% ± 0.59 91.60% ± 3.75 87.85% ± 5.32
Front left vertical 98.20% ± 0.83 91.17% ± 4.19 84.64% ± 6.15

Total 96.36% ± 1.44 88.2% ± 3.07 82.17% ± 3.39

Results support the evidence that the reconstruction from degree 1 to degree 3 gets
more complex. For degree 1, we can see a strange case with the left side perspective whose
average value is under the rest of the cases. This problem is related to the contrast of the
images belonging to the perspective. Another problem occurs with the rear perspective
for degree 2 (lower average values and big standard deviations). In the case of degree 3,
it only affects the frontal and rear perspectives (lowest average values with big standard
deviations). This could be related to the resemblance between the front and rear parts,
which causes the latter to be mistaken for the former. Apart from that, if we evaluate the
total values, we can see that the stability of the baseline is very high with no big differences.

3.1. Objetive Evaluation

In the next step, we evaluate the different activation functions as an objective evalua-
tion based on mathematical metrics. To this end, we provide the SSIM between the real
image and the synthetic one (Table 3) and then the difference between the values of this
table and the ones in Table 1, which contains the baseline (Table 4). In all these tables, each
row corresponds to one of the direct trainings (depending on the activation function) and
the columns to the destruction degree. The results in the cells contain the mean value of all
the views with their standard deviation. We have provided the standard deviation in each
destruction degree, as perspectives of the temples affect some cases. As this evaluation
uses the entire image and not only the missing architectonical elements, the influence of
visual artifacts is evaluated. To uncover information about these specific instances, we have
a more thorough examination of the reconstructions during the objective assessment.

Table 3. Evaluations of four trainings with the whole image using SSIM.

Activation Function Degree 1 Degree 2 Degree 3

ReLU 95.09% ± 1.64 90.37% ± 1.74 85.76% ± 2.01
Leaky ReLU 91.76% ± 1.61 88.06% ± 1.55 83.96% ± 1.70

Swish 90.70% ± 2.24 87.59% ± 2.73 83.82% ± 2.36
Mish 92.94% ± 2.25 88.88% ± 2.04 85.99% ± 3.77

Table 4. Differences between SSIM for the whole image and the baseline for the four trainings.

Activation Function Degree 1 Degree 2 Degree 3

ReLU −1.25% ± 0.63 2.17% ± 1.54 3.59% ± 1.62
Leaky ReLU −4.59% ± 1.46 −0.14% ± 1.90 1.79% ± 1.87

Swish −5.22% ± 1.24 −0.61% ± 0.77 1.65% ± 1.42
Mish −3.41% ± 1.25 0.67% ± 1.11 2.56% ± 1.55

Considering the results in the table above, which shows the average values and
standard deviations, we conclude the following. It should be noted that going from grade 1
to grade 3, we find an improvement in the baseline produced by the reconstructed image,
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which ranges from around 7% to 10%. It is worth emphasizing that in the case of degree 3,
the part to be reconstructed is larger, and therefore, there is a greater range of improvement
in this image. Concerning degrees 1 and 2 of destruction, we observe that the activation
function that incorporates a higher rate of artifacts is Swish, followed by Leaky ReLU, Mish,
and ReLU, obtaining worse results for the baseline. Since the values provided do not show
a large significant difference, we can deduce that the reconstructions are more complicated
in addition to having large artifacts that differ from the real image. Looking at the standard
deviations, the usage of different types of temples has no big influence. Considering Table 2
values, the performance of the activation functions worsens in this order: ReLU (bolded for
being the best), Mish, Leaky ReLU, and Swish.

The values in Table 3 are subtracted from the reference values obtained by the similarity
between images obtained in Table 2, resulting in the values in Table 4. Again, we show the
average values and standard deviations.

Although grade 3 shows an improvement concerning the baseline, it has a larger
improvement interval, while grade 1 is affected by the artifacts generated by showing a
greater resemblance between the ruined image and the real image. The standard deviations
are very low, which means that the different types of temples in the dataset do not pose
a problem for the reconstruction. As in degree 1, all the values are negative. This means
that all the generated images have worsened the baseline due to the creation of artifacts.
Therefore, we can rank the performance of the activation functions in terms of artifact
generation from best to worst for grade 1 as ReLU, Mish, Leaky ReLU, and Swish. For the
rest of the grades, we find that these differences are not so evident, although ReLU is the
one with the best performance index in all of them. This order coincides with that obtained
in the previous table.

Due to the problem with artifacts in the generated images, we have concluded that
evaluation of the entire image is not sufficient. To evaluate the reconstruction of the
architectural elements, we have designed an experiment based on the application of a mask
that hides the matching pixels so that we can evaluate only those reconstructed elements
and, therefore, obtain a complementary. Using this assessment, we focus on measuring how
well the missing architectural elements of a temple are reconstructed, which is the main goal
of this work. To apply the mask, we find the pixels that have the same value in the image
generated with the reconstructed temple and in the real image with the complete temple.
All these pixels are assigned black and will not be taken into account when calculating the
SSIM. It should be noted that not only the reconstructed area of the temples will be isolated
but also other elements, such as shadows, stones, etc., that do not match the real image. In
this case, it is not necessary to use a baseline.

So, the following table measures the SSIM between the reconstructed temples and the
image with the complete temples but uses, in both cases, the mask trying to isolate the area,
obtaining the missing elements to be reconstructed. In Table 5, the average results and
standard deviations are compiled, and those corresponding to the activation function that
performs the best are bolded.

Table 5. Masked evaluation of four trainings using SSIM.

Activation Function Degree 1 Degree 2 Degree 3

ReLU 67.56% ± 3.31 58.75% ± 4.56 53.60% ± 6.78
Leaky ReLU 63.05% ± 4.90 55.33% ± 4.67 51.21% ± 7.28

Swish 62.35% ± 4.73 55.08% ± 5.02 52.26% ± 6.97
Mish 63.86% ± 5.17 56.18% ± 4.78 52.82% ± 6.91

Looking at the results of Table 4, we confirm that it is easier to reconstruct missing
elements in the case of degree 1, and it gets more difficult while augmenting the area
of missing elements. The standard deviations do not change much, which means that
there are no big differences between the performances regarding the perspectives and the
application to different types of temples. Even though the differences, in this case, are not
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very high, this evaluation seems to confirm the order of performance for the activation
functions ReLU, Mish, Leaky ReLU, and Swish, which becomes more evident in the case of
degree 1. Again, the values of the metrics conclude that activation functions remain in the
same order but still have low differences. To support these results, we made a subjective
evaluation based on the perspective of an expert in the field. In Figure 6, we show an
example of how the best activation function (ReLU) can reconstruct a temple. It shows
the temple in ruins, how it was reconstructed using our method, and how it should be
reconstructed perfectly.
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3.2. Subjective Evaluation

Considering that the present work generates results based on visual perception and
as many assumptions and possible conclusions have been obtained with the objective
evaluation, we need an in-depth evaluation based on the experience of an expert in the field.
Although all the previous results confirm that the performance of the activation functions
is ReLU, Mish, Leaky ReLU, and Swish, we want a confirmation and an in-depth study
based on a subjective evaluation. This subjective evaluation was approached by involving
a professional who evaluated six important features of the images by adding a textual
description for each of them. As can be seen in Figure 7, there are significant differences
between the used activation functions.
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In this case, we have randomly selected 24 images for each activation function, which
have been qualitatively evaluated by an architect considering the following relevant aspects
that can be seen in the image: background, general shape, shadows, building interior, level
of detail, and level of sharpness. Table 6 compiles this information for each characteristic.

Table 6. Quality evaluation for generated images.

Activation
Function Background General Shape Shadows Building’s

Interior Level of Detail Sharpness

ReLU It seems to
perform well.

The general shape
is well defined

most of the time.

Shadows are
coherent.

It is coherent, and
the interior

details can be
appreciated.

It tries to
reconstruct the
finest details.

Best in sharpness.

Leaky ReLU
In some images,

artifacts can
be found.

The shapes are
not accurate.

Shadows are
coherent with the

reconstruction.

It is coherent, but
it lacks the

finest details.

Low details. It
has a big problem

with the
straight lines.

Low sharpness.

Swish It seems to
perform well.

Better definition
of the contour. In
some instances, a
temple generates

artifacts in an
area in which

there is no need
for reconstruc-

tion.

Shadows are
coherent but
seem to be

more diffuse.

It is coherent, and
the interior

details can be
appreciated, but it
generates artifacts
along the temple.

It performs well
in reconstructing

particular
elements.

Good sharpness but
is worse than ReLU,

as it has some
problems creating

transparencies
between the

background and the
reconstructed parts

of the temple.

Mish It seems to
perform well.

The shapes have
good contours,
but there are

some alterations
in the

straight lines.

Shadows are
coherent.

It is coherent, and
the interior

details can be
appreciated.

Details can be
intuited. It has

problems with the
straight lines.

Low sharpness but
is better than
Leaky ReLU.

If we evaluate the activation functions in depth, we can see the following common
points. ReLU has a good definition in the interiors but has some problems discriminating
between the temple and the background. The general shape is better defined with less
blurring. It seems that it tries to represent the triglyphs with more coherence. It is the
one with better sharpness. The shadows are coherent, and the background is well defined.
It shows transparencies (a mix between the background and the part of the temple to be
reconstructed) but to a lesser degree than the rest of the activation functions. As it has fewer
cases of transparencies, it seems to make better reconstructions influencing the metrics
as the similarities with the pixels of the ground truth are higher. It seems to make more
accurate reconstructions instead of doing changes related to the overfitting (for example, it
tries to reconstruct the corners while the other tends to round them).

In the case of Leaky ReLU, the interiors make sense, but details cannot be appreciated
(they lack fine details). It has low sharpness, creating marked lines, but it is not well defined
and has no precise forms. The shadows are suitable. In general, the reconstruction is not of
good quality. It has a problem with the straight lines. With less sharpness, it makes worse
reconstructions, so it is very sensitive to the light saturation of the image. It creates many
transparencies that could be understood as artifacts. This problem with the transparencies
affects the metrics having a higher error. It seems that the transparencies are proportional
to the indecision of the model. More transparency indicates more indecision.

Regarding Swish performances, we can see that with the general shape, it performs
similarly to ReLU. The shadows are coherent but seem a bit diffuse. The background is well
reconstructed. It shows transparencies with less opacity compared to ReLU. It seems that
the level of detail is better in particular architectural elements. It performs very defined
reconstructions, but it has a lower sharpness due to the transparencies. In the interiors,
we can see some artifacts. This problem with the artifacts affects the objective metrics,
adding errors that prevent the evaluation of the reconstruction well and its coherence. The
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shadows seem to be darker concerning the ground truth images. The brightness points
are derived from the reconstructions and the transparencies caused by them. The corners
are very badly reconstructed due to the lack of contrast between both walls generated by
diffuse light. This activation function blurs more the reconstruction, while Leaky ReLU
adds more noise.

Finally, Mish performs in a precise way with the general shape compared to Leaky
ReLU but still being very diffuse. The details of the interiors are more defined, but there
are no details in the triglyphs and lines of the columns. The shadows are coherent. The
background is well represented. It shows much sensibility to the light saturation, which
means that the facades with better contrast show a better reconstruction.

By comparing all the activation functions in total, the following statements are made.
Among the four possibilities, Leaky ReLU is the worst. It shows many problems with
straight lines, and it generates many artifacts. ReLU seems to obtain more definition, with
less diffuse elements. It also shows better definition in small details, but Mish seems to
have a better performance with the problem of element background. The reconstructions
performed by ReLU and Swish are very similar in terms of sharpness and interior elements,
but it seems that ReLU is a little bit better. This can be seen in a smaller number of trans-
parencies and better-defined shadows. ReLU makes more detailed reconstructions, and
Swish makes more defined ones. All the activation functions have problems with the light
saturation (the perspectives with more contrast have a better reconstruction). Summariz-
ing, the subjective evaluation considers the performance of the activation functions in the
following order: ReLU, Swish, Mish, and Leaky ReLU.

This subjective evaluation suggests a general consideration: the predictive nature
of generative AI could be a possible reason for the defects shown in generated images
by the activation functions: transparencies, some lack of definition in the general shapes,
low sharpness in the architectonical edges, blurriness, low level of detail, and the overlap
between some elements of both images, due to contrast. The materiality and concrete
situation of the built architectural elements have a univocal condition, which the predictive
nature of artificial intelligence does not always seem to be able to restore faithfully, except
by increasingly successful approximations.

4. Conclusions

The purpose of this work is to provide an accurate evaluation method for virtual
image inpainting, specifically by assessing different activation functions in deep learning
models used for restoring Greek temples. Using GANs, we focus on reconstructing missing
architectural elements in images of temples with varying degrees of ruin. To ensure robust
evaluation, we employed both objective and subjective methods. Objective evaluation
used mathematical metrics on both whole images and reconstructed parts, while subjective
evaluation involved an architect’s expertise to validate these results.

Our findings indicate that the ReLU activation function outperforms others. Mish
and Leaky ReLU did not perform well for this application, and Swish, although per-
forming poorly in mathematical metrics, was close to ReLU in professional evaluations.
This discrepancy suggests that current mathematical metrics do not fully capture human
visual perception.

Several limitations were identified, such as overfitting in frontal and rear perspectives
due to minimal differences between them and issues with lighting and material contrast
affecting depth perception. This is particularly relevant when two columns with different
degrees of ruin are viewed from the same perspective but are processed as a single column.
Additionally, in some images, diffuse lighting significantly impacts the contrast, resulting
in reduced visibility of walls forming a corner. These led to inaccuracies like rounded
corners and transparency problems.

Future work will apply this method to more complex cases, such as Mudejar churches,
which present greater architectural diversity. The composition and significant heterogeneity
among the various architectural elements in these churches add substantial complexity to
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the current problem of virtual restoration. Additionally, we aim to propose new evaluation
metrics that better capture both the accuracy of architectural reconstruction and image
quality, minimizing artifacts. Ultimately, we plan to validate our approach with real images,
advancing toward reliable tools for cultural heritage restoration.
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