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19 ABSTRACT
gg Built cultural heritage is exposed to various deterioration problems caused by different types of actions. To
gg reduce the need for major interventions, preventive conservation (PC) approaches were proposed, based on
24 data collection, regular monitoring, inspections, and control of environmental factors. Monitoring actions
25
26 able to depict the evolution of buildings’ deterioration state, have been proposed and implemented in real
27 . o . . . .
28 cases. Considering that digital images (DI) of historical facades are constantly collected by different subjects
gg and for different purposes, they represent the widest existing data source to support PC approaches and
31 develop predictive tools. DI of historical facades can be used to help in the early recognition of different types
32
33 of deterioration processes, supporting the creation and application of predictive models based on machine
34
35 learning (ML) methods. This work proposes a method for the early detection of biological colonization of
2(73 building facades. A convolutional neural network (CNN) has been trained and tested with images
gg representing the microalgae growth process on historical bricks’ facades, collected during experimental
40 activities in controlled conditions. The trained model is characterized by an accuracy of 83% and can
41
42 recognize the starts of the bio-colonization process on different types of bricks. The trained model has been
43 . E W . .
44 applied to a historical building used as a case study. The facades of the case study are constantly monitored
jg by surveillance cameras, and DI of the facades are often collected due to the public function of the building.
47 The study shows that by simply processing these images with the trained network it is possible to detect the
48
49 first stage of bio-deterioration processes. This work is part of a more extensive research for the early
50
51 detection of different types of building fagcade damages and can be easily implemented where DI coming
gg from surveillance cameras or other sources are available.
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1 INTRODUCTION

Since the end of the last century, cultural heritage has been increasingly recognized as an important and
strategic resource for a sustainable development, and the awareness of its potential for the socio-economic
progress of society has constantly grown [1]. Building heritage, due to its material nature, is markedly affected
by the factors that contribute to its degradation: physical, chemical, natural and human actions [2].

To preserve this heritage that has come down to us from the past, it is necessary to have intervention
strategies tailored for specificities of this field. To this end, it is widely accepted that the PC can be considered
the most cost-effective strategy, strongly recommended by international institutions involved in preservation
[3]. PC means implementing a strategy of care, based on data collection, regular monitoring, inspections,
control of environmental factors and maintenance activities [4]. This concept can be resumed as “a set of
actions useful for reducing risk situations concerning cultural assets in their context” [5] [6]. The PC approach
starts from a “medical analogy” between the diagnostic process for human and building pathologies [7]. So,
following this analogy, damages and defects can be seen as symptoms of a pathology, and therefore a key
part of a PC approach is the development of effective “early” damage detection systems, based on the
continuous surveillance (i.e., data collection, monitoring activities) of the architectural heritage.

Among the various pathologies that can afflict architectural heritage, attention must certainly be paid to the
growth of living microorganisms (bio-colonization). Almost all the historical buildings are affected by primary,
secondary or tertiary colonizers such as microalgae (primary), molds, lichens (secondary), plants (tertiary),
causing permanent alterations of building facades and relevant costs. The interaction between environmental
factors and the physicals and chemicals properties of masonry could be the starting point for a colonization
process by primary colonizers, such as microalgae [8][9][10]. The development of these microorganisms has
a direct consequence on the material characteristics which are inevitably increasingly degraded with the
passage of time and therefore with growth of living organisms that could cause serious losses (especially in
the case of cultural heritage buildings) [11]-[16]. Fungi, mould, cyanobacteria, and green microalgae [17] can
grow depending on several factors, especially temperature and availability of water, producing chemical and
physical degradation of the facade material and becoming a suitable substrate for the growth of other
colonizers [18], such as mosses and lichens [8][19][20]. Biological fouling usually starts with the colonization
by photoautotrophic microorganisms [8][20] Green microalgae and cyanobacteria (microalgae) are recurrent
and they usually develop in combination [9], [21]-[23]. Microalgae can survive at atmospheric temperatures
of 5-35/40°C, in rainy, winter and spring seasons. Microalgae require water, but can survive for years to
extreme desiccation states and recover full metabolic activity within few hours after rewetting [24].
Roughness and porosity can promote algae growth [25]-[27].

To limit aesthetical, chemical and physical degradation due to bio-colonizers, early detection systems based
on data and image collection can be useful.

In the last years many researchers have focused their attention on computer vision-based automated building
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pathologies identification (using image processing and ML techniques).

An issue that has received a lot of attention is the one of crack detection. Munawar et al. [28] presented a
review of image-based crack detection techniques which implement image processing and/or ML. Many
works focus on concrete crack detection [29]-[33], not only in the field of existing building but also in the one
of infrastructures, like bridges [34]-[39] or roads [40]—[43]. Rezaie et al. [44], Minh Dang et al. [45], Loverdos
and Sarhosis [46] focus their works on masonry crack detection.

Several studies oriented on architectural heritage for the automated identification of masonry surface
damages by photographing the structure and using ML techniques have also been conducted. Wang et al.
[47], [48] used CNN classification techniques to identify and locate several types of damages (like cracks,
efflorescence, and spalling) in brick-masonry walls. Remaining in the field of cultural heritage, Wang et al. [49]
used CNN for damage identification - such as spalling and area loss - in the roof tiles of a historical building.
Zou et al. [50] used CNN to automate the detection of missing components in heritage buildings with
particular attention to preventive maintenance activities.

As regard the problem of historical buildings affected by tertiary colonizers (plants) has been addressed the
work developed by Ottoni et al. [51] in which is proposed a method for automatic recognition of vegetation
on building facades and roofs. Hatir et al. [52] proposed a deep learning method for detection and mapping
of stone deterioration in archaeological heritage sites, including the presence of biological colonization.
Regarding the specific identification of microalgae, Chong et al. [53] presents a state-of-the-art of
identification methods and ML techniques for image analysis. Pre-processing actions (i.e., resizing, grey-
scaling, denoising) and feature extraction methods to apply ML methods (i.e., ANN, CNN, K-NN, DL, SVM)
were analysed in depth. The Chong’s work shows that CNN (convolutional neural networks) are widely used
to identify different types of microalgae species based on DI. However, cited works [54]—[63] are mainly based
on images acquired during the growth of microalgae strains in water solution and not on building facades.
The recognition of microalgae on building facades has been analysed in previous works but not in the case of
historical facing-masonry walls. In fact, Tran and Hoang [64], [65] proposed a method based on ML techniques
for predicting the appearance of algae on building’s facades, but in presence of mortar cladding. Valenca et
al. [66], [67] presented a method designed to detect, analyse and measure areas with biological colonization
in exposed concrete surfaces. Considering lack of existing literature, this paper proposes the creation and
application of predictive models using CNN able to automatically monitor the biodeterioration status of

historical building facades, acting as early detection system.

2 RESEARCH AIM
Following similar approaches where the availability of DI obtained for other purposes is used to detect specific
damages [68], and considering that DI of historical facades are constantly collected for different purposes (i.e.

surveillance), the aim of present work is to check the ability of a CNN to recognize the growth of microalgae
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on real images of building facades. Firstly, the CNN was trained using images obtained from an experimental
activity and then was applied to a case study to check if the model can recognize microalgae on historical
surfaces using common DI (from surveillance cameras or manually collected). The results show as the model
trained with laboratory images is able to detect the starts of bio-colonization process with good accuracy. If
applied to the case study the method shows a loss of accuracy. It has to be said that the use of common DI
could be considered a challenge in several aspects: presence of other elements (e.g., ground, roofs, etc.), low
quality, misalignment respect to wall surface plane, significant variation of illuminance. The results can be
considered as a starting point towards the creation of tools for early detection of building facades damages

using common imagines easy to find.

3 MATERIALS AND METHODS

3.1 Research framework

A four-step research framework has been developed to reach the proposed aim: early identification of bio-
deterioration processes on historical building facades. Firstly, an experimental activity (see 3.2) has been
organized to follow, in controlled conditions, the microalgae growth process, considering different types of
bricks used in the past to realize historical buildings and different types of exposures (temperature, RH%,
rain). Then, DI collected during the experimental activity were resized and cropped to obtain a dataset of
about 12.000 sub-images (see 3.3), representing the different stages of the bio-deterioration process, and a
CNN was trained and tested with the DI dataset obtaining high accuracy (see 3.4). Finally (phase 4), video and
DI periodically collected by surveillance cameras during the normal life of an historic building were used to
check the ability of the trained network to work in a real case (see 3.5). The whole research framework is

depicted in Figure 1.

3.2 Experimental activity

An extended experimental campaign was arranged to obtain the images useful to train the CNN. Five different
types of clay bricks (named AH, AL, B, CH and CL) were selected and tested in five different environmental
conditions, reproduced using climatic chambers to accelerate the growth process. Bricks differ by color and
microstructure (porosity, roughness). Three different brick’s colors (light-red, dark-red, yellow) were chosen
considering that bio-colonization causes a shift of the original color towards green-blue nuances, and the
initial color spectrum is influenced by the shift in wetted and unwetted conditions. Different microstructures
were considered because the “shape” of the bio-colonization (i.e., spots. lines, areas) is influenced by the
surface characteristics and the water retention ability of the bricks. Finally, different environmental conditions
characterized by different temperatures, RH%, and wetting processes were considered to include a wide

range of the expected environmental conditions.
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To characterize surface properties of the bricks, porosity and roughness were preliminary measured. The total
open porosity P [%] was determined by a mercury intrusion porosimeter (Micromeritics Autopore lll)
according to the ASTM D4404-10 standard [69]. The surface roughness R, [um] was measured according to
UNI EN ISO 4287:2009 standard [70], by using a Taylor Hobson CCI 3D Optical Profiler (Table 1).

To reproduce the bio-colonization process, a green alga (Chlorella mirabilis strain ALCP 221B) and a
cyanobacterium (Chroococcidiopsis fissurarum strain IPPAS B445) were chosen [20], [71], [72]. Microbial
strains were cultivated in a Bold’s Basal Medium (BBM) prepared in accordance with ASTM D5589-09
standard method [73]. Since a visible biological degradation mostly starts [18] after 1-year or more of natural
environmental exposure [74], [75], the use of accelerated tests is recommended. Five different environmental
conditions were chosen to consider a wide range of possible real exposures. Three different relative humidity
(RH) conditions were reproduced in three separate climatic chambers to investigate their effect on algae
growth on fired brick surfaces. The indoor environment was conditioned by saturated solutions, as indicated
in EN ISO 12571:2013 [76]. The RH; (about 75%) was obtained through a saturated solution of NaCl, RH,
(about 87%) through a saturated solution of Na,COs, and RH; (about 98%) through only deionized water [77].
To only consider the effect of RH, temperature was maintained at 27.5 £ 2.5 °C during all the tests. At the
beginning of the test, 9 different points on the surface of each sample were inoculated with 5uL of the mixed
culture per point. After the initial inoculation, samples were positioned inside the climatic chambers, inclined
at 45° on aluminum-glass racks, front-to-front along the long dimension of the chamber. The test apparatus
was placed in a closed room to avoid the influence of light, temperature, and RH of the external environment.
Each growth chamber was equipped with two neon lamps (Sylvania TopLife 39W) to provide an adequate
illumination equivalent to day/night cycles 14/10 h (Figure 2a).

The influence of temperature on algae growth was carried out following previous researches [25], [26], [72],
[78]. Accelerated tests with a periodical water spray on the material surface were performed until the
stagnation phase was reached (Figure 2b). Test apparatus consisted of growth chambers (100x40x53 cm?3),
filled with 35L of BBM inoculated with the mixed cultures. Algal suspension was sprinkled on sample surfaces
(8x8 ¢cm?) positioned above two aluminum-glass composed racks inclined at 45°. Run/off cycles were set at
intervals lasting 15 min and a total of 6 hours per day (3 hours run and 3 hours off). A day/night illumination
cycles (14/10 h) were provided by two 39 W neon lamps (Sylvania TopLife).

Considering the available literature [79]-[85], the accelerated tests were set under two different
temperatures: 27.5 + 2.5 °C, that is a temperature within the range of the optimal growth values comprised
between 20 °Cand 30 °C [79]-[83], and a lower value equal to 10 + 2.5 °C, within the range of suitable growth
[84], [85]. To set the lower test temperature, a modified refrigerator (Electrolux RC 5200 AOW2) was used.
Relative humidity was assumed constantly equal to 100% due to the wetting cycles. All the test environments
were monitored by temperature and RH sensors (Sensirion SHT31-D), through measurements every 10

minutes.
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During each accelerated growth test, analyses were carried out for the evaluation of the algal extent and the
biofouling process on samples’ surface [25]. Firstly, colorimetric analysis was performed to examine the color
variation during time. The chromatic variation (AE) was measured with a spectrophotometer (Konika Minolta
CM-2600dD) [72], [86]. In accordance with UNI EN 15886:2010 and UNI 1602371:2018, results were
expressed in CIELAB color space [87], [88]. Color variation was calculated in terms of total color difference AE,

by equation (1):

* * * * * *
AE = (L —L")2 +(ag—a")2 + (b —b")? (1)
where L", ao’, bo" are the color coordinates of samples before the beginning of the test (time zero), and L*,
a’, b” the ones measured during the accelerated growth. Measurements were repeated on nine points on

each sample surface about every week.

3.3 Image acquisition and splitting

Finally, to train the CNN, DI were weekly collected through a high-resolution scanner (HP Scanjet G3010). The
effectiveness of this method has been confirmed in previous studies [9], [25]. The acquired images were
elaborated with Imagemagick software as described in the following section. All the images were resized to
1780x1780 pixels using the “imagemagick” tool, rel.7.1.1-20, then cropped to obtain 256x256 sub-images.
From each image, 49 sub-images where obtained. All the sub-images were randomly renamed and reordered.
Then a manual annotation process was performed. To facilitate the annotation process and considering that
microalgae growth causes a color shift towards green values, the image’s R, G and B channels were filtered
using Matlab software (rel. 2023a). Images showing traces of microalgae were annotated as “algae”, and the
others as “no_algae”. Finally, the annotated dataset of images, consisting of 13.120 sub-images was equally
divided into 2 parts, “train” and “test”. Each part of the dataset comprises 4780 “algae” images and 1780
“no_algae” images. No filtering actions were performed on resulting images, to check the capability of the

trained and tested CNN to work directly with real images [63].

3.4 Convolutional network design, training and testing

A CNN, is a deep learning neural network designed for processing structured arrays of data. CNNs has been
successfully applied to various computer vision applications, especially for analyzing visual images and for the
multi-category classification (categorizing samples into one of three or more classes) [64]—[68]. A CNN is a
feed-forward neural network, comprising many convolutional layers stacked on top of each other, each one
capable of recognizing more sophisticated shapes. Pooling layers (subsampling layers) are included. The

pooling layer replaces the output of the network at certain locations by deriving a summary statistic of the
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nearby outputs. This helps in reducing the spatial size of the representation, which decreases the required
amount of computation and weights. After a hyper-tuning process, addressed to optimize the number of
layers of the CNN a Two-convolution layers CNN was chosen. The first convolutional layer has dimension [32,
(3,3)]. The second convolutional layer has the dimension [64, (3,3)] Two pooling layers were included and
finally a flatten layer, necessary to convert the resulting matrix into a single array and two dense layers (256,1)
have been included. “Relu” activation function has been chosen for the convolutional layers and for the first
dense layer. “Sigmoid” activation function has been chosen for the second “dense” layer. RMSprop optimizer
(learning rate = 0.001) has been considered. Considering that we have a binary classification problem,
accuracy metric was plotted. Accuracy is the ratio of the number of correct predictions to the total number
of predictions made by the model. A batch size of 20 and 50 epochs, for the training process were considered.
To train and test the CNN a python script (rel 3.9) has been written. “Tensorflow” and “Keras” libraries were
used to train and test the CNN, “Keras-tuner” library has been used to hyper-tune (parameter optimization)

the neural network.

3.5 Application to a case study

To show the applicability of the proposed model in real situations, a case study has been chosen. The case
study is a 18" century historical building (built from 1733-1743) designed by the Architect Luigi Vanvitelli on
an artificial island as a quarantine station for the port town of Ancona called “Mole Vanvitelliana”. During the
last two centuries, the building has taken different functions: in 1860 as a military citadel, then in 1884 a sugar
refinery. Now it is used as a site of a museum, as well as home for various exhibitions. The “Mole
Vanvitelliana” main building is rounded by a town-wall. Both the building walls and the town-wall are made
with the same type of mortar and bricks. Town-walls are strongly inclined, then the rain can wet the surfaces.
It is possible to observe a diffuse biodeterioration process (Figure 3). On the contrary, the facades of the
building are vertical and protected by the rain, then not characterized by bio-deterioration.

Two different datasets of images were collected. Firstly, DI extracted from video surveillance HD cameras were
collected, to check the applicability of the proposed model to images coming from this type of data source.
Then detailed images of the brick facades were manually collected with a HQ resolution camera. All the
images were resized [89], [90] to the same dimension (1780x1780) using the “imagemagick” tool, rel.7.1.1-
20 and cropped to obtain 773 256x256 sub-images coming from video surveillance cameras and 245 256x256
px images coming from HD cameras. The trained model was iteratively used to check its recognition ability in
a real case. Finally, the “accuracy” (number of correct predictions in respect to the number of images) has

been computed.

4. RESULTS AND DISCUSSION

4.1 Evolution of the microalgae bio-deterioration process
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Figure 4a and Figure 4b shows, respectively, DI and RGB spectrum of the brick’s samples (one for each type)
before the inoculation (addiction of microalgae spores). Bricks are different by color: B sample is a dark-red
brick with the lowest [RGB] spectrum values; AH and AL are light-red bricks with intermediate green [G]
spectrum values and high red [R] values; finally, CH and CL are yellow bricks characterized by the highest
[RGB] spectrum values.

As can be seen in Figure 5a, microalgae growth initially causes the comparison of little dark green spots (2),
then the spots create more large green areas interconnecting with each other (3). These areas assume a
typical shape, with largest spots and “filamentous” areas due to the water drainage. In the last phase
microalgae growth cause the comparison of light green spots over the initial dark-green spots (4). The shape
and the color of these spots and areas can be different depending on the brick’s surface characteristics, the
growth’s phase, and the environmental conditions (Figure 5b).

Figure 6 shows the variation of CIELab mean values (DE) of the brick’s surfaces during the experimental
activity. Each curve represents the mean values of 27 measurement points (9 points x 3 samples). It is possible
to observe a progressive increase of the DE values. DE reached 45-55 values for CH and CL samples after 35
days, 30-35 values for B (after 65 days), and 30-40 values for AH and AL (after 112 days) due to the microalgae
coverage. A slight reduction of the peak values has been observed for samples AH and AL after 133 days.
Considering that just DE values >= 2 are clearly perceived by the human eye, the color variation is very

relevant, reaching a peak of 65 (CL) and confirming the observations made with the DI (Figure 5b).

4.2 CNN training and test

To identify the starts of the microalgae growth process, a CNN has been trained, tested and validated. Figure
7 shows the plot of the history training and test process. At the end of each epoch (iteration on the whole
dataset) the accuracy with the “training” dataset and with the “test” dataset has been plotted. The final
accuracy (ratio of the number of correct predictions to the total number of predictions made by the model)

is 0.83, then 83% of the images with or without microalgae were correctly recognized.

4.3 Automatic identification of microalgae biodeterioration in a case study

To show the applicability of the proposed model, a case study has been selected. The case study is a historical
building where security HD cameras are installed, then DI are constantly collected. Moreover, high resolution
images are periodically collected during events, due to the public character of the building. DI coming from
security cameras nearby the case study were “cropped” to 256x256. The trained CNN was then used to
predict microalgae on these images. The application of the trained CNN to this group of images shows that
the ability recognition of microalgae on the bricks’ surfaces using DI collected through HD security cameras is
affected by several factors. Slicing images coming from cameras gives low resolution sub-images, affecting

the recognition ability. The accuracy calculated summing the correct predictions over the total number of
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predictions il low (0.52) if compared to the accuracy calculated on the images of the test dataset (0.83).
Moreover, the DI acquired from these cameras includes other elements (ground, roads, roofs, etc.) that were
not part of the original dataset. When objects different from the bricks are included in the “cropped” image,
CNN frequently fails, reducing total accuracy. Then images with higher resolution are necessary. Moreover, it
is necessary to extend the dataset we used to train the CNN also with images including not only the bricks,
but also all the elements that it is possible to find on building facades and in the surrounding (Figure 8).

A second group of images directly collected near the building facades and including only bricks with and
without microalgae were acquired using an HD camera. Images were resized to 1780x1780 px and cropped
to 256x256 px to check the accuracy of the CNN (Figure 9).

In that case, accuracy increases reaching 0.68 value, but remaining lower than the accuracy found at the end
of the training ant test procedure (0.83). Then the increase of the resolution combined with the exclusion of
elements different than bricks improved recognition ability of the trained CNN. However, the not perfect
matching among the colors of the bricks used to train the CNN and the color of the historical bricks in the
case study and probably also the presence of other types of bio-colonizers and/or stains reduced the accuracy
obtained with real images. It Is important to underline that no filtering actions were performed on images to

check the capability of the trained and tested CNN to work directly with real images.

5. CONCLUSIONS

Built cultural heritage is exposed to various deterioration problems that can be caused by different types of
actions. To reduce major invasive interventions, a “preventive conservation” approach was proposed, that
means a shift from restoration, intended as those activities needed to repair serious deteriorations, to a more
inclusive approach, based on a continuous care and supported by data collection, regular monitoring,
inspections, control of environmental factors and maintenance activities. Data collection and monitoring
actions are a fundamental part of a preventive conservation approach giving the possibility to realize “early”
damage detection systems. DI of historical buildings facades (constantly collected by different subjects and
for different purposes) represent the biggest available data source to support this approach and can be used
to develop predictive tools thanks to the advancements of artificial intelligence methods. This work was
addressed to the development of predictive models based on CNN to support a preventive conservation
approach. DI of historical fagades were used to train a CNN able to recognize bio-colonization phenomena
by microalgae on bricks surfaces of historical buildings. The CNN has been trained and tested with images
collected during experimental activities. Five different types of bricks were subjected to a bio-colonization
process by microalgae and the chromatic alteration of the surface was detected during the growth process.
Experimental activities comprised a set of different environmental conditions.

DI collected were cropped to 256x256px to obtain a final dataset of 13.120 images. After a manual annotation

process, without filtering actions, two sub-datasets of images (with and without algae) were used to train
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and test a CNN. The trained model is characterized by an accuracy of 83% and can recognize the starts of the
bio-colonization process on different types of bricks. The model has been then applied to a case study to
evaluate the ability of the model to recognize microalgae on historical bricks when DI extracted from video
surveillance HD cameras and/or HQ DI freely collected are available, as in the case of the case-study. Results
shows that the ability for the trained CNN to recognize microalgae on the bricks’ surfaces using DI collected
through HD security cameras is affected by two main factors. Images extracted from video-surveillance
cameras are characterized by medium-low resolution, are captured not orthogonally to the walls and with
different illuminance conditions. These aspects affect the recognition ability of the trained CNN, lowering
accuracy. On the other side, acquired DI includes other elements (ground, roads, roofs, etc.) that were not
part of the original dataset. When objects different from the bricks are included in the “cropped” image, CNN
frequently fails. The use of high-resolution images collected on the case study including only bricks facades
increases accuracy. An accuracy value of 0.68 was obtained, then lower than the accuracy obtained with the
dataset of experimental images. It is important to underline that no-filtering actions were performed on the
captured images to check the ability of the CNN to work directly with real images. To overcome the main
limit underlined will be necessary to extend this study, increasing the dataset created with experimental
activities and including real case images representing all the elements that it is possible to find on building
facades and in the surroundings, and images representing different type of bio-colonizers. Despite the
declared limitations the proposed model is applicable to real cases to the early detection of microalgae bio-

colonization when DI of the details of bricks surfaces are collected.
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FIGURE CAPTIONS

Figure 1. Research framework

Figure 2. Test apparatus for the evaluation of relative humidity influence on growth process (a) and for

accelerated test aimed at temperature effect investigation (b).

Figure 3. Mole Vanvitelliana, Ancona, Italy.

Figure 4. a) DI of brick’s samples before the inoculation of algae spores. From left to right: AH, AL, B, CH, CL.

b) [RGB] spectrums of DI of brick’s samples before the inoculation of algae spores. From upper to bottom:

AH, AL, B, CH, CL.

Figure 5. a) DI of the AL type brick during the microalgae growth process. 1: before microalgae inoculation;

2, 3, 4: after microalgae inoculation. b) Samples of collected DI of the different brick’s types during the

microalgae growth process.

Figure 6. CIELab variation (DE) of brick’s surfaces during microalgae growth process.

Figure 7. Plot of the “training and test” history process. The black line represents the accuracy obtained at

the end of each epoch during the training process. The red line represents the accuracy obtained at the end

of each epoch during the test process.

Figure 8. Images extracted from HS surveillance cameras and “cropped” to 256x256 px.

Figure 9. Images collected with cameras and “cropped” to 256x256.
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TABLES

Table 1. Properties of the bricks used in the experimental activity.

Brick Type Colour Total porosity  Roughness
(%] (um]

AR light-red 19.24 + 0.37 5.54+0.42

AS light red 19.24 + 0.37 4.50+0.27

B dark red 24.62+1.02 2.95+0.63

CR yellow 44.09 £ 1.63 7.60+0.57

CS yellow 44.09 £ 1.63 6.60 + 0.49




Figure 1

Experimental

analysis

35 combinations
5 substrata (AR ALB.CR.Cl]jand 3
sample for each substrata
7 emvconmental conditions:
1:5,10,275,40°C
RH¥*: 75,887,100 %

Digital images

collection

Weekly collection of digital images
through HQ scanning devices
image splitting and cropping with
Imagemagick

13120 iptages

Phase 2

Click here to access/download;Figure(limited to 10);FIG1.JPG.jpg %

CNN training, test and

validation

2 convolutional Ipyers, I pooling
layess, 2 densglayers
Batch slze » 200 50 epochs

]\ #

Prediction with trained
CNN in a case study

On images acquited through:
(1) survelllance cameras,
[2) HD cameras

245 images

Accuracy =052  Accuracy =068

+ Keras

Tersoet ©



https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130453&guid=b4ff685f-68ed-461b-aa23-99839dad3d01&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130453&guid=b4ff685f-68ed-461b-aa23-99839dad3d01&scheme=1

Figure 2 Click here to access/download;Figure(limited to 10);FIG2.JPG.jpg =



https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130454&guid=e0bba755-17a8-4aae-947b-5ae41de8425f&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130454&guid=e0bba755-17a8-4aae-947b-5ae41de8425f&scheme=1

Figure 3 Click here to access/download;Figure(limited to 10);FIG3.JPG.jpg 2

Y

=t
e ’x'/,'-

WL daa

Ls



https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130455&guid=02b39e5c-4be3-43ca-8f7b-326da7fe0877&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130455&guid=02b39e5c-4be3-43ca-8f7b-326da7fe0877&scheme=1

Figure 4 Click here to access/download;Figure(limited to 10);FIG4.JPG.jpg %

b

“_._lr !
o 1
o l
! L |
o
w!
"
o"— ™~
220
"
l‘ -
=
o —
'l
.
Ll
-
- -
*
~‘
b
o
(S »~



https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130456&guid=2919bc4a-cac8-4cc7-91b4-b211cc27dc30&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130456&guid=2919bc4a-cac8-4cc7-91b4-b211cc27dc30&scheme=1

Figure 5 Click here to access/download;Figure(limited to 10);FIG5.JPG.jpg %

2 3 4



https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130457&guid=0c66b470-4e0c-4bb6-b03a-6eb284afcc90&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130457&guid=0c66b470-4e0c-4bb6-b03a-6eb284afcc90&scheme=1

Figure 6 Click here to access/download;Figure(limited to 10);FIG6.JPG.jpg %



https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130458&guid=8a10a659-3cbf-4408-b009-eda627a53c36&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130458&guid=8a10a659-3cbf-4408-b009-eda627a53c36&scheme=1

Figure 7 Click here to access/download;Figure(limited to 10);FIG7.JPG.jpg %

1.0 |
— frain
— LRSE

0.8 - VV

0.6 +

accuracy

0.4 1

0.2 -

(0 ) e e e ———————————

époch


https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130459&guid=ebed0411-e2c0-4f15-bccc-6d4181104cd9&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130459&guid=ebed0411-e2c0-4f15-bccc-6d4181104cd9&scheme=1

Figure 8 Click here to access/download;Figure(limited to 10);FIG8.JPG.jpg %



https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130460&guid=7796b581-54e1-4d37-8b8a-75b57312887f&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130460&guid=7796b581-54e1-4d37-8b8a-75b57312887f&scheme=1

Click here to access/download;Figure(limited to 10);FIG9.JPG.jpg %

r

. N
- (VA* .Q‘

e

sub_yestl..p

sub_yes7dp

9

' 32 N

S YeN ';'
\ 3 > !
.".1‘ -
syb_y&S9.p sub_yesS0. sub_yesS1ljp
9

- = - - . »

1

- e .
o’ A

’ 'fll;:""'
N LB N
-

-~

: -~ .
» - “
AN 5

~ R
. “’,’~ »

sub_yes106,

P9 P9



https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130461&guid=18f8585b-169e-4018-9462-478cbe828314&scheme=1
https://www2.cloud.editorialmanager.com/culher/download.aspx?id=130461&guid=18f8585b-169e-4018-9462-478cbe828314&scheme=1

Table

Click here to access/download;Table (Editable
version);Table_1.xlsx

Brick Type Colour
AR light-red
AS light red
B dark red
CR yellow
CS yellow
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Total porosity Roughness
[%] [um]

19.24 £+ 0.37 5.54 +0.42
19.24 £+ 0.37 4.50+0.27
24.62 £1.02 2.95+0.63
44.09 +1.63 7.60 £ 0.57
44.09 +1.63 6.60 £ 0.49






