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A B S T R A C T

Moisture stains indicate ongoing degradation processes and may reveal areas of the roof slab
where water infiltration occurs, compromising the performance and durability of the building
system. During inspections of roofing systems, an inspector’s field of vision differs from that of
drones during overflights. As a result, traditional inspections might not always detect the presence
and severity of stains, making maintenance on flat roofs a complex task. In this context, this
experimental study aims to analyze deep learning-based semantic segmentation with images
obtained from drones to map and monitor damp patches during automated building inspections
of flat roof systems. The research tested two convolutional neural networks for semantic seg-
mentation: the Fully Convolutional Network (FCN) with a ResNet50 backbone and DeepLabV3
with a ResNet101 backbone, as well as a transformer-based deep artificial neural network called
SegFormer with a MiT-B1 backbone. We evaluated three optimizers for each model—Adam,
Adagrad, and SGD—along with learning rates of 1e-2, 1e-3, and 1e-4. The models were compared
using four performance metrics. The FCN, optimized with Adagrad at a learning rate of 1e-2,
showed the best results. The average metrics obtained in this case were as follows: precision:
79.69 %, recall: 67.81 %, F-score: 73.09 %, and Intersection over Union (IoU): 57.70 %.

1. Introduction

Waterproofing systems are important in ensuring the watertightness of flat roofs, helping them maintain their performance under
various exposure conditions. After rainfall, it’s common for puddles and damp stains to appear on the waterproofing layer and its
mechanical protection. The main causes of damage include surface irregularities and inadequate slopes that hinder proper rainwater
runoff. When applying the waterproofing system, the orientation of the blanket strips—whether longitudinally or transversely posi-
tioned relative to the drainage pipes—can lead to issues with water pooling due to the overlaps and seams. Additionally, any bumps in
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the blankets and maintenance repairs can result in the accumulation of dirt, biological growth, and the spread of invasive vegetation,
contributing to the development of moisture stains.

Most stains are harmful because they affect the aesthetic aspect in the initial phase, but if they remain, they worsen other path-
ological manifestations [1]. Stains may indicate regions where water infiltration occurs, accelerating degradation mechanisms and
resulting in the loss of habitability conditions. Sometimes, to find the origin of the infiltrations, it is necessary to remove layers of
coating, mortar, and protection [2–4].

In this study, moisture stains are treated as indicators of points or regions on the roof slab where infiltrations occur, compromising
the performance of the building system. Moisture stains on the flat roof can vary in size, color, tone, and severity; they may dry out
depending on exposure to sunlight and wind. However, the stains indicate progressive degradation processes that affect the durability
of the roofing components.

Maintenance actions in buildings mitigate the worsening of damage. However, traditional inspection methods require the
involvement of experienced professionals to evaluate the systems’ performance [5]. In most cases, inspections become complex due to
the roof’s size and inaccessibility for visual analysis [6,7].

The detection of pathological manifestations carried out by specialists in manual processes is time-consuming and depends on
weather conditions [8–10]. In building inspections of roofing systems, the inspector’s field of vision responsible for the inspection
differs from the field of vision of the drone’s cameras during the overflight. For this reason, traditional inspections do not always
identify the presence and severity of stains across the entire roof surface.

In recent years, methods for automated building inspections have advanced in detecting pathological manifestations. Despite the
rapid progress of digital technologies and data processing types based on deep learning (DL), there is still a vast area for research and
development [11]. In this context, Cao [12] considers that damage to the surfaces of architectural components receives little attention
since studies on structural health monitoring (SHM) using DL, focused on detecting cracks and structural deformations, predominate.

Perez, Tah, and Mosavi [7] used convolutional neural networks (CNNs) to classify mold, stains, and surface deterioration images.
The VGG16model (Convolutional Network for Classification and Detection) was used and evaluated by comparison with the ResNet50
and Inception models. Class activation mapping was used to locate the defects. The authors considered the nature of the damage and
the surrounding environment as challenges since mold in houses can be black, brown, green, olive green, gray, blue, white, yellow, or
even pink. In addition, stains and paint deterioration do not have a defined shape, size, or color, and their physical characteristics are
strongly influenced by the location (walls, ceilings, corners), the background (paint color, wall texture and material, etc.), and light
intensity.

Using devices for capturing high-quality images, such as smartphones and drones equipped with cameras, results in better object
detection accuracy [13]. Additionally, convolutional neural networks allow for advanced visual analysis and understanding [14].
Several studies have focused on the use of semantic image segmentation [15] for the detection of pathological manifestations in
buildings [16,17]. Semantic segmentation assigns a category label to each pixel in an image, providing category information at the
pixel level, and this has been applied to damage detection [18].

The use of semantic segmentation associated with drone-captured images, with annotations of roof images, has shown significant
results. Yundin, Naumov, and Patrakova [9] developed software for recognizing irregularities in waterproof blankets on flat roofs.
Using a semantic segmentation algorithm makes it possible to detect irregularities that cause water stagnation on flat roofs after rain.
The software is fed with drone-obtained images, automates the recognition of water pooling, and prepares binary masks. The approach
based on Fully Convolutional Networks (FCN) demonstrated results with a dice score of up to 0.78 in the proposed task. The authors
warn about the issues related to sensitivity to shadows, changes in object lighting, and different types of roofs, which require sig-
nificant complexity in image recognition algorithms.

Few studies have been found in the literature dealing with semantic segmentation in roofs. Specifically, when it comes to stains on
flat roofs, the research by Yudin, Naumov, and Patrakova [9] stands out. They use annotations of the region of interest in binary masks
and apply FCN as the network architecture. This motivates us to compare other deep learning-based semantic segmentation models to
deepen and master their application.

This experimental study aims to analyze the application of deep learning-based semantic segmentation using drone-acquired
images to map and monitor moisture stains during automated inspections of flat roof systems. Two types of convolutional neural
networks for semantic segmentation were tested: Fully Convolutional Networks (FCN) and DeepLabV3, along with a transformer-based
neural network called SegFormer. These models were compared using four performance metrics.

Automatic recognition of pathological manifestations improves data collection, processing, and analysis efficiency and speed. This,
in turn, ensures durability and extends the service life of buildings. Therefore, the experiments conducted in this study contribute to the
advancement of automated techniques for detecting stains on flat roofs, integrating digital technologies into building inspection
procedures.

2. Overview

Maintenance management, especially building inspection processes, incorporates approaches or strategies based on machine
learning (ML) to replace traditional methods. New digital technologies enhance integrated methodologies that significantly transform
construction tasks, making them safer, more efficient, and adaptable to contemporary needs [19].

In performance evaluations aimed at decision-making in preventive maintenance, artificial intelligence (AI) approaches are
increasingly favored over those based on physical or statistical models [20]. Data-driven pattern recognition enables predictive models
that enhance decision-making processes [21,22]. However, the integration of digital technologies with robust and efficient machine
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learning (ML) predictive models remains an area for further research and experimentation [11,19].
Machine learning strategies can improve the accuracy and reliability of engineering prediction models, especially when combined

with hybrid approaches, in contexts where traditional methods may be insufficient. [19] used Gradient-Boosting algorithms to forecast
the shear strength for SFRC-Slender Beams without Stirrups (SFRC-SBWS) associated with traditional engineering calculation models.
The authors emphasize the relevance of machine learning techniques in making structural designs more reliable, safe, and resilient.

Traditional ML algorithms, such as Gradient Boosting and its variations (e.g., Extreme Gradient Boosting (XGBoost), Light Gradient
Boosting Machine (LightGBM), and CatBoost), can be very effective in classification and regression tasks with tabular data [23,24].
However, they are not specifically designed for image data. These algorithms can generally be used in computer vision, which requires
feature extraction and selection through image preprocessing techniques. According to [25], traditional algorithms have certain
advantages when applied to the construction sector, as they require fewer labeled data than deep learning algorithms and are more
interpretable than deep learning models.

On the other hand, in recent years, CNNs have distinguished themselves by their superior performance compared to traditional
algorithms in several computer vision tasks [25]. Models such as ResNet, DenseNet, and EfficientNet have demonstrated high per-
formance and generalization capabilities in computer vision benchmarks. CNNs are generally more effective due to their ability to
extract complex spatial features automatically, boosting their performance in tasks such as image recognition and classification, object
detection, and semantic segmentation [26].

Fully Convolutional Networks (FCNs) are a class of neural networks designed for dense prediction tasks, such as semantic seg-
mentation. They use convolutional layers to process input images of any size and return corresponding outputs. In addition, they
combine semantic information from deep and wide layers with visual details from shallow and fine layers, which enhances the ac-
curacy and detail of the segmentations [27].

The DeepLabV3 model differs from previous DeepLab versions by incorporating atrous (or dilated) convolutions in a cascade,
allowing it to capture information at multiple scales without increasing the number of parameters. Additionally, it uses atrous spatial
pyramid pooling (ASPP), which applies atrous convolutions with different rates in parallel to capture information at various scales,
improving segmentation accuracy [28].

An emerging type of architecture that has gained prominence is the Transformer network, a model widely used in tasks such as
natural language processing. This is due to its ability to process data in parallel and capture long-range dependencies, which differs
from the approach of traditional CNNs, which use local convolutions to capture information in neighboring regions and process the
image sequentially [29]. Furthermore, Transformers generalize better across different datasets and segmentation scenarios, making
them a promising choice for image segmentation tasks due to these characteristics, which overcome some limitations of traditional
CNN models.

SegFormer is an architecture that combines Transformers withmultilayer perceptron (MLP) decoders to achieve high efficiency and
accuracy in semantic segmentation tasks. Its Transformer encoder generates multiscale representations, while the simple MLP decoder
integrates local and global attention. In addition, it demonstrates robustness in zero-shot scenarios, making it an excellent choice for
tasks involving critical security applications [30].

For optimizing neural networks, the algorithms SGD (Stochastic Gradient Descent), Adam (Adaptive Moment Estimation), and
Adagrad (Adaptive Gradient) are widely used due to their effectiveness in adjusting the weights of neural networks during training.
Among the strategies used to improve the optimization of neural networks, their performance approaches range from hyperparameter
tunings, such as learning rate and batch size, to more advanced regularization techniques, such as dropout and L2 regularization,

Fig. 1. Location of the buildings at the Headquarters of the Brazilian Army (QGEx) in Brasília, capital of Brazil.
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which mitigate overfitting. Transfer learning is also commonly applied, enabling pre-trained models to adapt quickly to new tasks with
less data by leveraging prior knowledge [31].

The literature review supported the selection of deep learning algorithms and defined the approach of this research. Considering
their application in image segmentation in civil construction [25], it is possible to assume that the techniques used represent the state
of the art in computer vision experiments. The motivation for the case study developed is justified by the need to advance the
application of digital technologies and machine learning in information management for preventive maintenance tasks.

Innovative neural networks based on Transformers present specific challenges that require benchmarking. Since their conception in
Natural Language Processing (NLP), Transformer neural networks have often outperformed CNNs. With Transformers now being
applied to other fields, such as computer vision, additional experiments are essential to evaluate their effectiveness and adaptability to
these new domains, especially complex environments such as flat roofs.

3. Research methodology

3.1. Image dataset

For the proposed experiment, data were collected from 9 buildings located at the Brazilian Army Headquarters (QGEx) in Brasília,
the capital of Brazil, as shown in Fig. 1. The dimensions of the buildings’ flat roofs vary between 200.40 m x 12.50 m and 250.80 m x
14.90 m.

The images were captured using the Mavic Pro drone manufactured by DJI - DÀ-JIĀNG Innovations Science and Technology [32],
whose camera parameters are shown in Table 1.

To capture images of the presence of stains on the waterproofed slabs of the flat roofs, three flight plans were made using DJI PILOT
[19] software, coordinated by the Geographic Positioning System (GPS). The three flights were of the cross-type, in both directions
(Fig. 2), with a frontal and lateral overlap rate of 60 %. Following the protocol proposed by Santos et al. [3], the shortest distance
between the flat roof and the drone, with heights of 22 and 35 m, was considered to guarantee the highest precision and detail in
acquiring the images. In addition, the altitude of the flights was determined considering local conditions and existing barriers. Var-
iations in positions and configurations were avoided to maintain uniformity in the images.

The flight plans took place on different days. The first flight was carried out on December 8, 2021, at 10:00 AM, on a sunny day with
a temperature of 19.7 degrees and a wind speed of 0.5 m/s. The second flight was carried out on March 8, 2022, at 2:00 PM, on a sunny
day with a temperature of 24.4 degrees and a wind speed of 3.6 m/s. The two flight plans provided 766 images acquired by the UAV
Mavic Pro. Of this total, 126 images containing light and dark stains were selected for annotation.

After a period of rain, water pooling can occur, which may dry and leave light stains. This is a natural process due to the roof’s
exposure conditions and the fading of construction materials. Fig. 3 illustrates the light stains, which are not of interest in this study.
Therefore, they were neither annotated nor considered segmentation targets.

The darker stains indicate the constant presence of moisture and stagnant water, associated with dirt and biological colonization,
which accelerate the degradation process of the roof’s waterproofing system or indicate possible infiltration. Fig. 4 exemplifies a stain
characterized by a darker color, indicative of severity and a target of the semantic segmentation proposed for this research. A specialist
identified the annotated dark stains in the images according to the standard procedure adopted in an on-site inspection after a rainy
period.

After capturing the images and obtaining the reference sample, the 126 selected images were annotated for binary segmentation,
considering stain and background pixels. The input color image was converted to the HSV color model, where H represents hue, S
represents saturation, and V represents value. Smoothing was applied, and the resulting image was returned to the RGB color space.
The ROBOFLOW platform [33] was used for annotation, which hosts public datasets and allows exporting in various formats, including
the COCO (Microsoft Common Objects in Context) format, which was used for annotating the stains. The selected annotation technique
was the polygon tool (Fig. 5), where a collection of coordinates is drawn around an image, avoiding capturing background information.
Polygonal annotations (Fig. 6) allow more precise definitions of the labeled object, which can lead to improved performance and
training results.

Table 2 presents the characteristics of the 126 images annotated on the ROBOFLOW platform [33]. Fig. 7 shows a graph of the
resolutions of the annotated images. Fig. 8 depicts the distribution of the positions where the stains appear in the image dataset,
ranging from 0 to 2501 annotations, considering the pixels contained in each polygon.

Table 1
DJI Mavic Pro UAV camera parameters.

Parameters Value

Sensor 1/2.3” (CMOS), Effective Pixels: 12.35 M (Total Pixels: 12.71 M)
Lens FOV 78.8º 26 mm (35 mm equivalent format) f/2.2 Distortion < 1.5 % focus from 0.5 m to ∞
ISO photo range 100–1600
Electronic shutter speed 8 s − 1/8000 s
Image dimensions 4000 × 3000 pixels
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3.2. Experimental approach

In the experiment, three models were used: two convolutional neural networks, DeepLabV3 [28] with ResNet101 as the backbone
and FCN [27] with ResNet50 as the backbone, and a transformer-based network, SegFormer [30] with MiT-B1 as the backbone. The
Adam, Adagrad, and SGD algorithms were tested for neural network optimization for each architectural configuration. In each case,
learning rates of 1e-2, 1e-3, and 1e-4 were evaluated, resulting in nine different optimization strategies for each neural network
architecture.

The models were evaluated using a 10-fold cross-validation approach. 70 % of the 126 available images were allocated to the

Fig. 2. Flight plans for image acquisition captured by the drone.

Fig. 3. Light moisture stains on the flat roof after rain.

Fig. 4. Reference area for annotating dark stains.
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training set, 20 % to the validation set, and 10 % to the test set for each fold. All images were resized to 512 by 512 pixels and subjected
to the following data augmentation techniques during training: horizontal flip with a 50 % probability; random brightness contrast,
where brightness and contrast were randomly adjusted by up to ± 20 %; and random sun flare. The images were then subjected to a
series of additional modifications. These included simulating sunlight rays with a 20 % probability, introducing subtle fog with an
intensity of 20 %, and applying random rotations between −25 and 25 degrees. The latter was implemented to allow the network to
detect objects of interest in different orientations. The batch size was set to 6, and the loss function used was cross-entropy. The training
was limited to a maximum of 1000 epochs, with early stopping implemented after 50 consecutive epochs without reducing the
observed validation loss.

The performance of the models was then evaluated using four metrics (Table 3): Precision, Recall, F-score, and Intersection over
Union (IoU). For a given image i, the number of true positives (TP), the number of false positives (FP), the number of true negatives
(TN), and the number of false negatives (FN) were calculated. Mask is the manually annotated mask, and Prediction is the prediction
given by the neural network. Finally, the final score in the test set for each fold was given as an average across all images. For a given
image i, Pi, Ri, F1i, and IoUi were considered, as shown in Eq. 1, 3, 5, and 7. For a given class (in this case, stain), the metrics were
defined as P, R, F, and IoU, where N is the number of test images, as shown in Eq. 2, 4, 6, and 8.

For visualization of the results, colors were used to represent the pixel-level segmentation for each case. Green was used for true
positives (TP), red for false positives (FP), and blue for false negatives (FN). An example is shown in Fig. 9. A comparison is made
between each pixel in the segmented image and the reference mask. If a pixel correctly identifies as belonging to a given spot, it is
counted as a true positive (TP). If the pixel is incorrectly classified as part of a spot, it is counted as a false positive (FP). Pixels in the

Fig. 5. Application of the Polygon Tool.

Fig. 6. Stain Annotation using ROBOFLOW.

Table 2
Description of the dataset on the ROBOFLOW platform: Class Balance - Stain.

Images Annotations Average Image Size Median Image Ratio

126 2501 4.76 MP 4000 × 3000
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reference mask not identified as part of the segmentation are counted as false negatives.
The Tukey’s Honestly Significant Difference (HSD) test was conducted to assess the outcomes. This statistical method, applied in

conjunction with analysis of variance (ANOVA), is designed to detect significant differences between mean values. A significance level
of p < 0.05 was used. A single factor was employed to represent the combination of architectures, optimizers, and learning rates to
facilitate the interpretation of these tests. Additionally, boxplots and overlays of predictions on images were generated and employed
in the analysis, interpretation, and discussion of results. In addition, precision and recall were calculated on a per-image basis where
relevant to the discussion.

4. Results

Table 4 and Appendices 01, 02, 03, and 04 detail the performance metrics of the tested models. The metrics of precision, recall, F-

Fig. 7. Information on the dimensions of the annotated images.

Fig. 8. Annotation heatmap.

Table 3
Metrics for Image i and Class Stain.

Metrics for image i Metrics for class (stain)

Precision Pi =
TPi

TPi + FPi
(1)

P =

(
1
N

)
∑N

i=1
Pi

(2)

Recall Ri =
TPi

TPi + FNi

(3)
R =

(
1
N

)
∑N

i=1
Ri

(4)

F-score (specifically F1-score) F1i = 2 ·
Pi ·Ri

Pi + Ri

(5)
F1 =

(
1
N

)
∑N

i=1
F1i

(6)

Intersection over Union (IoU) IoUi =
Maski ∩ Predictioni
Maski ∪ Predictioni

(7)
IoU =

(
1
N

)
∑N

i=1
IoUi

(8)
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score, and IoU are grouped into combinations identified in the CLD column from "a" to "i" by the results of the Tukey HSD test. Fig. 10
presents the results in boxplot graphs, which illustrate the dispersion of values around the median based on the architectures, opti-
mizers, and learning rates employed.

Upon examination of the tables, it was determined that the highest averages for all metrics were achieved by the FCN when
optimized with Adagrad at a learning rate of 1e-2. In this case, the averages obtained for precision, recall, F-score, and IoU were
79.69 %, 67.81 %, 73.09 %, and 57.70 %, respectively. It is also noteworthy that several techniques employed yielded statistically
equivalent averages across all metrics. This phenomenon was predominantly observed in the context of DeepLabV3 networks, though
it did manifest to a lesser extent in the case of the SegFormer architecture. However, when evaluated using the most utilized opti-
mization strategies, SegFormer demonstrated statistically inferior results across all four metrics. Furthermore, it can be observed that
in some cases, the performance of the networks was zero or close to zero, which is likely due to optimization issues such as exploding
gradients [34]. Notably, this phenomenon occurred with all neural networks optimized using SGD at a learning rate 1e-4.

5. Discussion

Figs. 11–17 depict the overlap of predictions generated by the FCN, DeepLabV3, and SegFormer networks optimized by different
strategies. In conjunction with the metrics, our study suggests that the FCN and DeepLabV3 networks were successful in segmenting
the darker stains, which are indicative of severity, from the lighter stains. This successful segmentation demonstrates the models’
ability to learn fine-grained attributes for segmentation.

Given the complex visual characteristics of flat slab surfaces, especially when images are captured by UAVs, it is important to assess
the robustness of the models used for stain segmentation. Our study found that the neural networks evaluated were able to effectively
identify moisture stains, even in areas with drainage pipes, equipment, and debris. Notably, the FCN and DeepLabV3 networks suc-
cessfully segmented dark stains near parapets and drains, despite the visual interference from surrounding objects. This performance
can be observed in Figs. 11, 12, and 13, where the segmentations performed by the networks are clearly visible.

In particular, the FCN network, optimized with the Adagrad algorithm, demonstrated a solid ability to distinguish stains from other
objects. At the same time, DeepLabV3 performed well in regions prone to water stagnation, places that often cause confusion and tend
to hinder the work of other traditional algorithmic models [35].

However, the presence of false positives, evident around objects such as equipment and debris, supports the assumption of possible
limitations in the networks’ robustness. In some instances, debris’s color and texture were incorrectly associated with stains. This
suggests that, although the models demonstrate robustness in certain areas, improvements could be made, such as adjusting training

Fig. 9. Color representation for TP (green), FP (red), and FN (blue).

Table 4
Metric results: precision, recall, F-score, and IoU.

Metrics Architectures Optimizer Learning rate CLD Mean ( ± sd) [%] Median (IQR) [%]

Precision FCN Adagrad 1e−2 a 79,69 ( ± 3,06) 78,73 (4,32)
DeepLabV3 Adam 1e−4 a 79,43 ( ± 5,97) 79,03 (10,24)
SegFormer Adam 1e−4 ab 69,35 ( ± 7,54) 69,25 (5,68)

Recall FCN Adagrad 1e−2 a 67,81 ( ± 6,27) 65,36 (6,77)
DeepLabV3 Adam 1e−4 a 65,00 ( ± 8,82) 64,90 (10,09)
SegFormer Adam 1e−4 ab 59,61 ( ± 12,29) 62,88 (16,72)

F-score FCN Adagrad 1e−2 a 73,09 ( ± 3,53) 71,74 (6,00)
DeepLabV3 Adam 1e−3 a 71,91 ( ± 3,03) 72,29 (4,50)
SegFormer Adam 1e−4 abcd 63,61 ( ± 9,60) 65,70 (13,70)

IoU FCN Adagrad 1e−2 a 57,70 ( ± 4,42) 55,93 (7,50)
DeepLabV3 Adam 1e−3 ab 56,23 ( ± 3,67) 56,61 (5,50)
SegFormer Adam 1e−4 abcde 47,29 ( ± 10,25) 48,93 (14,40)
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techniques and enhancing data quality, for example, by using more sophisticated cameras and approaches such as transfer learning
[36].

Regarding the metrics, F-measure and IoU were both helpful for evaluating the robustness of the model, providing a balance
between precision and recall. Observing these metrics, we can better understand how the models deal with simple and complex tasks
such as segmentation [37]. Especially in complex cases, where fine details or small objects were involved, the accuracy of the models

Fig. 10. Boxplot of the results.
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tended to be lower, indicating room for improvement.
The results achieved by the SegFormer networks indicate that optimizing this architecture is a more challenging task, possibly since

they are based on transformers rather than convolutions. Since the conception of the Vision Transformer (ViT) by Dosovitskiy et al.
[38], it has been generally accepted that the performance of transformer-based neural networks can be better than that of CNNs,
provided that the datasets used for training are larger. This phenomenon may be at play in the case of SegFormer, although the task to
be performed is segmentation [39]. Therefore, this architecture could be re-evaluated in future work with larger datasets.

Figs. 12 and 13 show the overlap of predictions made by FCN and DeepLabV3models for an image of the region near the parapet. In
some cases, the errors made by the tested models are close to the drainage pipes, parapets, and equipment. These regions are more
critical because water stagnation frequently occurs due to a lack of drain cleaning, drainage pipe blockages, and improperly installed

Fig. 11. Segmentation using FCN, Deeplabv3, and Segformer.

Fig. 12. Segmentation using FCN with Adagrad optimizer at different learning rates.

Fig. 13. Segmentation using DeepLabV3 with Adagrad optimizer at different learning rates.
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equipment.
Since the occurrence of stains may be more common in these regions, it is possible that the decisions made by the networks are

being influenced by spatial information and visual characteristics of the parapets rather than by properties that are correctly indicative
of stains, leading to a higher number of false positives. On the other hand, the presence of false negatives in the regions near the parapet
in specific images indicates that, although the position relative to it may not be relevant, it might be influencing the segmentation. If
this is the case, it is possible that collecting new data and using different data augmentation and regularization techniques could
improve the models’ performance.

It is important to consider the section regarding spatial resolution in drone cameras because object detection accuracy is highly
dependent on photo quality for modeling [40]. A higher-resolution camera results in better object detection accuracy [13]. Another

Fig. 14. Water stagnation close drainage pipes - DeepLabV3 optimized with Adagrad and a learning rate 1e-4.

Fig. 15. Segmentation of false negatives (FN=blue) in stains close drainage pipes, equipment, and parapets - FCN optimized with Adagrad and a
learning rate 1e-4.

Fig. 16. Light and dark moisture stains on mechanical protection with mortar - FCN optimized with Adagrad and rate of 1e-4.
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important factor is the flight height for capturing higher-resolution images [41]. There are now cameras with higher-resolution sensors
that could improve the results of mapping stains on flat roofs and other building detection applications.

The dataset used in the experiment contains images of both asphalt blankets with mechanical protection by a mortar layer (Fig. 16)
and asphalt blankets with protection by an aluminized film (Fig. 17). Lighter or darker stains occur similarly on both types of materials.
Over time, the aluminum film wears out without necessarily causing water pooling or moisture concentration. The networks learned
well to identify the dark stains in both situations without significant confusion.

The orientation of the asphalt waterproofing strips affects water drainage and rubbish accumulation, as it directly influences how
water flows to the drainage pipes. Installing the strips against the direction of water flow is inappropriate, resulting in more segmented
stains parallel to the parapets (Fig. 18). In the image, it is even possible to identify speckling on the aluminized film. However, the
networks’ performance shows no distinction between the two technical protection solutions, and the speckling was not segmented.
This demonstrates that the aluminum did not hinder detection, and the models’ learning was as expected.

In some parts of the flat roof, rubbish resulting frommaintenance actions was identified. Pieces of glass remaining frommortars and
discarded condenser units were segmented by the networks as false positives (FP=red), possibly due to the color of the rubbish
(Fig. 19).

In the research, the challenge is identifying stains related to the segmentation of objects with varying sizes, shapes, and colors in
images of complex environments due to natural exposure conditions and various equipment attached to the surface under study. The
presence of similar pixels in both light and dark stains, as well as rubbish on the flat roof surface, can confuse operators, complicating
the effective training of the segmentation model. This difficulty is similar to the problem addressed by Tang et al. [42] in their study on
landslides with seismic data, where the SegFormer and DeepLabV3models faced similar obstacles, such as inadequate consideration of
morphological features and difficulty in dealing with holes in the center of objects in the image.

Using the F-measure was important for balancing the precision and recall metrics, providing a clearer overview of the data resulting
from the models. This facilitated a more integrated analysis of the results. Additionally, the Intersection over Union (IoU) metric
provided a more detailed assessment of the location of the objects of interest identified by the models. These results reinforce the

Fig. 17. Light and dark moisture stains on the aluminized blanket - DeepLabV3 optimized with Adagrad and rate of 1e-2.

Fig. 18. Aluminized blankets applied in the direction of the slope for drainage pipe (the most suitable technique for rainwater drainage) - FCN with
Adagrad optimizer and 1e-2.
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hypothesis that the dataset is complex and exhibits considerable variation, contributing to the dissimilarities observed between the
data.

6. Conclusion

In conclusion, the research tested and compared two convolutional neural networks for semantic segmentation (FCN with the
ResNet50 backbone and DeepLabV3 with the ResNet101 backbone) and a deep artificial neural network of the transformer type
(SegFormer with the MiT-B1 backbone). The best performance results were achieved by combining the FCN network with the Adagrad
optimizer at a learning rate 1e-2, reaching a precision of 79.69 % and a recall of 67.81 %.

Despite the inherent complexity of stains on flat roofs, the relevant experiment carried out in this research yielded fully satisfactory
and promising results. Even when dealing with features such as variability in shape, size, color, brightness, positioning, proximity to
equipment, and interference from other elements in the same plane, the experiment showed that the networks could differentiate
between dark and light stains. As indicators of more degraded points or regions on the flat roof, the segmentation of dark stains detects
damage caused by moisture and dirt accumulation. Therefore, it is a relevant tool for building inspections in complex environments
requiring preventive maintenance.

For future work, it is planned to expand the dataset to increase the robustness of the algorithms, as a more extensive and diverse
dataset will help better handle different scenarios. Tools such as Class Activation Map (CAM) could help improve the models’ ability to
interpret situations and make decisions in the segmentation of stains by deep neural networks. Additionally, other annotation tech-
niques and segmentation models could be considered to improve performance in detecting several types of stains on flat roofs.

Finally, the main driver of this research was the use of machine learning to predict the need for maintenance before critical
problems arise in flat roofs. Predictive modeling for a maintenance management system presents itself as a challenging path for the
continuity of experiments. The integrated approaches in developing continuous learning models, capable of adjusting their predictions
as new data is received, show promise for the construction industry.

For this, the consolidation of a solid database of building inspection, maintenance management, and sensory and climate moni-
toring is necessary to feed Digital Twins in BIM systems as information management resources that enhance prediction accuracy and
optimize the management of building degradation. The positive impact of emerging technologies in the building construction and
maintenance sector stands out, aiming for greater safety, sustainability, and resource savings.
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Appendice 01. - Results of precision metric

Architectures Optimizer Learning rate CLD mean ( ± sd) [%] median (IQR) [%]

FCN Adagrad 1e¡2 a 79.69 ( ± 3.06) 78.73 (4.32)
DeepLabV3 Adam 1e¡4 a 79.43 ( ± 5.97) 79.03 (10.24)
FCN Adagrad 1e−3 a 79.43 ( ± 5.72) 79.62 (3.77)
FCN Adam 1e−3 ab 78.69 ( ± 4.86) 78.93 (8.49)
DeepLabV3 Adagrad 1e−2 ab 78.61 ( ± 4.56) 80.77 (6.93)
FCN Adam 1e−4 ab 77.79 ( ± 5.12) 78.76 (4.02)
FCN SGD 1e−2 ab 77.74 ( ± 5.98) 79.55 (8.20)
DeepLabV3 Adagrad 1e−3 ab 77.73 ( ± 4.86) 78.02 (5.27)
FCN Adagrad 1e−4 ab 77.39 ( ± 6.34) 78.31 (6.21)
DeepLabV3 SGD 1e−3 ab 77.04 ( ± 3.33) 77.81 (4.43)
DeepLabV3 SGD 1e−2 ab 77.04 ( ± 4.65) 76.60 (7.18)
FCN SGD 1e−3 ab 76.87 ( ± 6.45) 77.86 (10.14)
DeepLabV3 Adam 1e−3 ab 76.48 ( ± 5.15) 74.80 (7.35)
DeepLabV3 Adagrad 1e−4 ab 75.99 ( ± 8.79) 78.30 (10.91)
FCN Adam 1e−2 ab 75.62 ( ± 5.18) 75.52 (5.79)
DeepLabV3 Adam 1e−2 ab 73.51 ( ± 7.15) 75.21 (11.40)
SegFormer Adam 1e¡4 ab 69.35 ( ± 7.54) 69.25 (5.68)
SegFormer Adagrad 1e−4 ab 69.08 ( ± 5.37) 69.32 (6.07)
SegFormer SGD 1e−2 abc 66.16 ( ± 8.92) 66.60 (12.39)
SegFormer Adagrad 1e−3 bc 64.01 ( ± 11.16) 65.79 (4.56)
SegFormer Adam 1e−3 c 54.11 ( ± 13.04) 57.92 (13.18)
SegFormer SGD 1e−3 d 32.71 ( ± 29.51) 43.09 (52.98)
SegFormer Adagrad 1e−2 de 19.37 ( ± 8.51) 18.89 (9.71)
SegFormer Adam 1e−2 ef 7.91 ( ± 13.77) 3.60 (8.00)
DeepLabV3 SGD 1e−4 f 0.00 ( ± 0.00) 0.00 (0.00)
FCN SGD 1e−4 f 0,00 ( ± 0.00) 0.00 (0.00)
SegFormer SGD 1e−4 f 0,00 ( ± 0.00) 0.00 (0.00)

APPENDICE 02. - Results of recall metric

Architectures Optimizer Learning rate CLD mean ( ± sd) [%] median (IQR) [%]

FCN Adagrad 1e¡2 a 67.81 ( ± 6.27) 65.36 (6.77)
DeepLabV3 Adam 1e¡4 a 65.00 ( ± 8.82) 64.90 (10.09)
FCN Adagrad 1e−3 a 64.08 ( ± 5.19) 63.57 (3.29)
FCN Adam 1e−3 ab 67.07 ( ± 7.77) 66.25 (9.12)
DeepLabV3 Adagrad 1e−2 ab 65.01 ( ± 5.82) 65.99 (5.87)
FCN Adam 1e−4 ab 66.15 ( ± 9.82) 67.73 (5.84)
FCN SGD 1e−2 ab 64.71 ( ± 6.22) 66.21 (4.30)
DeepLabV3 Adagrad 1e−3 ab 67.05 ( ± 8.03) 63.93 (10.49)
FCN Adagrad 1e−4 ab 56.51 ( ± 10.18) 58.99 (15.12)
DeepLabV3 SGD 1e−3 ab 51.71 ( ± 8.07) 51.00 (8.17)
DeepLabV3 SGD 1e−2 ab 65.59 ( ± 7.21) 67.49 (10.84)
FCN SGD 1e−3 ab 50.84 ( ± 7.96) 49.45 (7.93)
DeepLabV3 Adam 1e−3 ab 68.20 ( ± 4.77) 67.13 (5.01)
DeepLabV3 Adagrad 1e−4 ab 61.92 ( ± 7.42) 62.81 (10.54)
FCN Adam 1e−2 ab 69.20 ( ± 6.07) 68.32 (9.19)
DeepLabV3 Adam 1e−2 ab 64.97 ( ± 7.75) 66.79 (7.82)
SegFormer Adam 1e¡4 ab 59.61 ( ± 12.29) 62.88 (16.72)
SegFormer Adagrad 1e−4 ab 51.28 ( ± 10.95) 52.76 (17.84)
SegFormer SGD 1e−2 abc 51.42 ( ± 9.45) 50.86 (9.84)
SegFormer Adagrad 1e−3 bc 44.70 ( ± 8.38) 46.09 (9.36)
SegFormer Adam 1e−3 c 39.38 ( ± 17.11) 41.09 (22.65)
SegFormer SGD 1e−3 d 16.58 ( ± 19.90) 12.65 (19.59)
SegFormer Adagrad 1e−2 de 21.39 ( ± 11.22) 20.02 (17.30)
SegFormer Adam 1e−2 ef 11.64 ( ± 31.31) 00.25 (1.46)
DeepLabV3 SGD 1e−4 f 0.00 ( ± 0.00) 0.00 (0.00)
FCN SGD 1e−4 f 0.00 ( ± 0.00) 0.00 (0.00)
SegFormer SGD 1e−4 f 0.00 ( ± 0.00) 0.00 (0.00)
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APPENDICE 03. - Results of F-score metric

Architectures Optimizer Learning rate CLD mean ( ± sd) [%] median (IQR) [%]

FCN Adagrad 1e¡2 a 73.09 ( ± 3.53) 71.74 (6.00)
FCN Adam 1e−2 a 72.06 ( ± 4.06) 70.46 (6.93)
FCN Adam 1e−3 a 72.06 ( ± 4.49) 72.30 (6.75)
DeepLabV3 Adam 1e¡3 a 71.91 ( ± 3.03) 72.29 (4.50)
DeepLabV3 Adagrad 1e−3 a 71.62 ( ± 4.12) 70.99 (6.63)
DeepLabV3 Adam 1e−4 a 71.29 ( ± 6.88) 72.42 (6.27)
FCN Adam 1e−4 a 71.24 ( ± 7.57) 72.29 (6.22)
DeepLabV3 Adagrad 1e−2 a 70.90 ( ± 3.28) 71.70 (2.58)
FCN Adagrad 1e−3 ab 70.72 ( ± 3.66) 70.71 (4.80)
DeepLabV3 SGD 1e−2 ab 70.56 ( ± 4.54) 71.17 (7.70)
FCN SGD 1e−2 ab 70.33 ( ± 4.32) 69.83 (5.12)
DeepLabV3 Adam 1e−2 abc 68.37 ( ± 3.85) 69.38 (4.12)
DeepLabV3 Adagrad 1e−4 abc 67.93 ( ± 6.91) 67.98 (10.54)
FCN Adagrad 1e−4 abc 65.03 ( ± 8.67) 66.97 (12.23)
SegFormer Adam 1e¡4 abcd 63.61 ( ± 9.60) 65.70 (13.70)
DeepLabV3 SGD 1e−3 abcd 61.64 ( ± 6.49) 61.29 (6.65)
FCN SGD 1e−3 abcd 60.81 ( ± 6.42) 58.52 (6.27)
SegFormer Adagrad 1e−4 bcd 58.19 ( ± 7.95) 58.60 (13.29)
SegFormer SGD 1e−2 cde 56.95 ( ± 6.04) 57.57 (8.18)
SegFormer Adagrad 1e−3 de 52.14 ( ± 7.70) 55.52 (7.33)
SegFormer Adam 1e−3 e 44.62 ( ± 15.07) 50.79 (17.51)
SegFormer SGD 1e−3 f 20.61 ( ± 22.25) 19.01 (28.52)
SegFormer Adagrad 1e−2 f 19.73 ( ± 9.43) 19.92 (12.80)
SegFormer Adam 1e−2 g 2.72 ( ± 4.67) 0.49 (2.65)
DeepLabV3 SGD 1e−4 g 0.00 ( ± 0.00) 0.00 (0.00)
FCN SGD 1e−4 g 0.00 ( ± 0.00) 0.00 (0.00)
SegFormer SGD 1e−4 g 0.00 ( ± 0.00) 0.00 (0.00)

APPENDICE 04. - Results of IoU metric

Architectures Optimizer Learning rate CLD mean ( ± sd) [%] median (IQR) [%]

FCN Adagrad 1e¡2 a 57.70 ( ± 4.42) 55.93 (7.50)
FCN Adam 1e−3 a 56.50 ( ± 5.51) 56.62 (8.27)
FCN Adam 1e−2 a 56.48 ( ± 5.04) 54.40 (8.46)
DeepLabV3 Adam 1e¡3 ab 56.23 ( ± 3.67) 56.61 (5.50)
DeepLabV3 Adagrad 1e−3 ab 55.93 ( ± 5.04) 55.03 (8.12)
FCN Adam 1e−4 ab 55.79 ( ± 8.80) 56.61 (7.54)
DeepLabV3 Adam 1e−4 ab 55.78 ( ± 8.25) 56.77 (7.54)
DeepLabV3 Adagrad 1e−2 abc 55.01 ( ± 3.85) 55.88 (3.13)
FCN Adagrad 1e−3 abc 54.82 ( ± 4.44) 54.69 (5.69)
DeepLabV3 SGD 1e−2 abc 54.68 ( ± 5.38) 55.26 (9.16)
FCN SGD 1e−2 abc 54.39 ( ± 5.11) 53.65 (6.16)
DeepLabV3 Adam 1e−2 abcd 52.06 ( ± 4.35) 53.12 (4.81)
DeepLabV3 Adagrad 1e−4 abcd 51.81 ( ± 7.93) 51.50 (12.20)
FCN Adagrad 1e−4 abcde 48.73 ( ± 9.48) 50.34 (13.32)
SegFormer Adam 1e¡4 abcde 47.29 ( ± 10.25) 48.93 (14.40)
DeepLabV3 SGD 1e−3 bcdef 44.83 ( ± 6.75) 44.19 (7.03)
FCN SGD 1e−3 cdef 43.98 ( ± 6.95) 41.37 (6.44)
SegFormer Adagrad 1e−4 def 41.43 ( ± 7.90) 41.52 (13.18)
SegFormer SGD 1e−2 efg 40.03 ( ± 5.86) 40.42 (7.99)
SegFormer Adagrad 1e−3 fg 35.58 ( ± 6.71) 38.43 (6.78)
SegFormer Adam 1e−3 g 29.75 ( ± 11.81) 34.09 (14.68)
SegFormer SGD 1e−3 h 13.20 ( ± 15.42) 10.65 (16.63)
SegFormer Adagrad 1e−2 hi 11.22 ( ± 5.79) 11.06 (7.90)
SegFormer Adam 1e−2 i 1.43 ( ± 2.50) 0.24 (1.34)
DeepLabV3 SGD 1e−4 i 0.00 ( ± 0.00) 0.00 (0.00)
FCN SGD 1e−4 i 0.00 ( ± 0.00) 0.00 (0.00)
SegFormer SGD 1e−4 i 0.00 ( ± 0.00) 0.00 (0.00)

Data availability

Data will be made available on request.
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