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Abstract

Burrows are tunnels or holes excavated into the ground by certain types of animals, to be
used as habitation or temporary refuge, or as a by-product of their locomotion. Burrows
provide a form of shelter against predation and exposure to the elements, and can be
found in nearly every biome and among various biological interaction types. River bank
burrowing weakens the soil structure, increases the risk of erosion, and may lead to bank
retreat and landslides. Currently, burrow watching, mapping, and prevention are human-
only activities, and there are no conventional data or information systems designed for
this purpose. In this paper, we design, implement, and test a novel AI-based solution that,
starting with drone-acquired imagery, allows the user to automatically identify and map
potentially dangerous burrows in the target area, and lays the basis for the digitization and
systematic conservation of such information, to be later used for intervention and planning.
Our solution contributes to the environmental sustainability of rivers, especially close to
densely populated areas.

Keywords: artificial intelligence; remote sensing; burrows; levees; flood protection; sustainable
environment; ecosystem; environmental governance; environmental management

1. Introduction
River embankments serve as critical infrastructure for flood protection, safeguarding

communities and agricultural lands from catastrophic inundation. However, the progres-
sive deterioration, damage and eventual breach of river embankments can result from
several failure scenarios or chain of events. These failures are typically driven by processes
such as internal erosion and instability affecting both the waterside and landside slopes.
The performance of river embankments is significantly influenced by the presence of such
macro pores in the ground, which contribute to the progressive degradation of soil prop-
erties. These discontinuities negatively affect water pressure distribution, diminishing
both effective stresses and shear strength, ultimately promoting instability. Furthermore,
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cavities breaching the levee’s full width can rapidly accelerate internal erosion, leading to
catastrophic failure [1,2].

Among the various macro pores, animal burrows stand out as a primary source of
biological erosion in earthen structures like levees and dams. The consequences of wildlife
activities in levees can be categorized into structural damage, surface erosion and hydraulic
alterations; impacts that are often interrelated and mutually reinforcing. Hydraulic per-
formance changes are one of the most common causes of failure in earthen structures,
which typically lead to internal erosion and piping [3], a phenomenon responsible for
nearly half of global dam failures [4]. Research has demonstrated that burrowing activity
severely compromises levee stability through mechanisms that can induce complete failure
and catastrophic flooding [5–7]. Studies show how the hydraulic impact of rising water
levels on earthen levees, occurring during heavy and prolonged periods of rain, is severely
compounded in damaged levees, leading to an increased risk of failure. In such a state,
the conditions for the onset of inner erosion are achieved for shorter flood durations [8].
Given the increasing risks associated with animal burrowing activity, a threat potentially
amplified by changing precipitation patterns, altered wildlife behavior and ecosystem
shifts, the development of efficient methodologies for early cavity identification is essential
for effective risk mitigation and adaptive infrastructure management. Prior efforts in this
domain have largely focused on geophysical techniques. These methods have been widely
applied to levees, primarily to image the internal structure and estimate hydrogeologi-
cal features [9]. Other studies have specifically used techniques like resistivity, magnetic
measures [10] and Ground Penetrating Radar (GPR) [11–13] for the direct detection of
internal voids and burrows. However, these approaches typically require specialized
equipment, trained personnel and significant time investment, limiting their application
for continuous, system-wide monitoring.

Our work proposes a data-driven approach that enables scalable, resource-efficient
surveillance of extensive levee networks. By applying machine learning techniques to
remotely sensed imagery, we can automatically identify and map surface patterns con-
sistent with burrows, enabling continuous surveillance at a fraction of the cost, resource
requirements and environmental footprint of traditional survey methods. A machine
learning model was dynamically trained on real-world examples via a dedicated platform,
progressively improving detection accuracy and adapting to regional variations in wildlife
activity and embankment characteristics. This system offers precise identification of threats
and provides an efficient and accurate way to manage and monitor the territory. This
approach supports a fundamental shift from reactive, resource-intensive emergency repairs
to proactive maintenance strategies that extend infrastructure lifespan, optimize resource
allocation and minimize the environmental disruption associated with catastrophic fail-
ures. Beyond detection, our objective is to furnish an innovative tool for adaptive land
management that provides precise threat identification, efficient territorial monitoring and
comprehensive data collection capabilities, enabling more effective and timely interven-
tions that balance infrastructure protection with broader ecosystem considerations. In a
single sentence, we want to answer the question:

Is it possible to automatically identify animal burrows in riverbanks?

Our system is fully implemented and already at the disposal of regional officials, who
contribute to its improvement and test by using it as part of their normal activities.

Automatic detection of wildlife activities in levees is extremely relevant for the sus-
tainability of the environment at the local level. Progressively shifting the monitoring
load and its responsibility from human-based to machine-based systems could enable
more restrictive and safer policies without increasing the economic cost for local and re-
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gional communities, therefore allowing a prompter response to the ever more pressing
environmental changes.

2. Related Works
Manual inspection of river levees and embankments is not only time consuming,

often taking hours to days depending on the complexity and amount of cases, but also
prone to human error, particularly when identifying subtle anomalies or working under
time constraints. This has motivated significant research into both geophysical detection
methods and automated visual inspection systems for identifying structural vulnerabilities
in earthen structures.

Several non-destructive methods are available to detect and map underground
voids [9,10,14], with applications ranging from cavity detection in earthen structures to
archeological surveys. Among these methods are gravity survey, resistivity methods,
seismic reflection and Ground Penetrating Radar (GPR) [11–13]. Gravity survey is a non-
destructive geophysical technique that measures differences in the Earth’s gravitational
field at specific locations. Its success depends on identifying variations in the measured
gravitational field due to differences in the bulk density of earth materials. This method is
considered one of the most cost-effective geophysical approaches when investigating wide
areas with relatively large caverns [15–17]. Resistivity methods have also been applied
for burrow detection, exploiting the fact that the electrical resistance of air filled voids is
higher than the surrounding soils [18]. Since air filled voids provide an excellent dielectric
constant contrast, GPR has been successfully used to identify animal burrows in earthen
structures [19]. GPR surveys have yielded reliable information about lithology and internal
structure of river banks, including the identification of flood terraces and detection of
damage failures due to water percolation, out-washing and erosion. Kinlaw et al. [20]
and Cortez et al. [21] used GPR to visually map underground burrows of the Gopher
Tortoise. Field studies utilizing GPR to monitor river embankments have been reported by
Di Prinzio et al. [22]. For more in-depth discussions on the presence of animal burrows,
their impact and management, we refer to Bayoumi et al. [3] and the Federal Emergency
Management Agency report [1].

Despite their accuracy, geophysical techniques, and, in particular, GPR, still have
penetration limitations, especially in conductive silty-clayey soils (1.5 m). They also require
specialized equipment, qualified personnel and a significant investment of time, which
limits their feasibility for continuous, large scale surveys and monitoring. These limitations
have motivated research into complementary automated visual detection methods that can
rapidly process imagery from routine inspections or aerial surveys.

The automated detection of burrows in levee imagery exemplifies a broader class of
computer vision problems that require the identification of small scale features within large
natural images. The general problem can be formulated as follows: given a collection of
high resolution images containing sparse instances of target features embedded within
complex, heterogeneous backgrounds, develop an automated system capable of locating
and classifying these features with sufficient reliability to support operational decision
making. Similar challenges have been addressed in other environmental monitoring do-
mains. Lieshout et al. [23] and Hidaka et al. [24] employed Convolutional Neural Networks
(CNNs) to detect and quantify floating plastic pollution in rivers using deep learning
and camera imagery. The latter specifically proposes and applies semantic segmentation,
a pixel-based classification approach to recognize and distinguish between natural and
artificial litter along sea shores. This methodology has been applied to images captured
by human operators via Unmanned Aerial Systems (i.e., drones), an approach further
elaborated by Gonçalves et al. [25] and Kako et al. [26] as a low cost monitoring technique.
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Various authors propose aerial surveys as a solution to monitor coasts and shores and
identify plastic waste [27–30]. These studies share key similarities with burrow detection:
both involve identifying relatively small, visually subtle features within complex natural
environments; both benefit from aerial or elevated imaging perspectives and require distin-
guishing target features from highly variable background textures including vegetation,
soil, water and shadow patterns.

In the field of anomaly detection, Nayak et al. [31] and Sifnaios et al. [32] suggest a
pixel-first approach, building up from independent pixel-level classifications and leading
to frame-level classification, using data such as the quantity of detected anomalous pixels
and their spatial distribution. This approach has proven particularly effective in medical
imaging, where image segmentation techniques have been crucial in diagnosing diseases
for many years, transforming images into clear and visually interpretable sections that
facilitate recognition [33]. Random Forest classifiers [34] have proven particularly effec-
tive for environmental monitoring tasks involving heterogeneous natural imagery. This
method combines multiple decision trees to improve classification robustness and reduce
overfitting, all critical advantages when dealing with the inherent variability in field im-
agery. Unlike deep learning approaches that require large labeled datasets and significant
computational resources, Random Forests offer several practical advantages: they handle
high-dimensional feature spaces efficiently, provide interpretable feature importance rank-
ings, generate probabilistic confidence estimates, and can achieve strong performance with
relatively modest training datasets. Furthermore, various studies support their dominance
over deep learning when working with tabular data [35–38]. Random Forests have been
successfully applied to land cover classification [39–41], vegetation mapping [42] and de-
tection of environmental anomalies in remote sensing imagery [43]. Their ability to assess
feature importance is particularly valuable for understanding which visual characteristics
(i.e., texture, color, shape, and context) are most discriminative for target detection.

3. Materials and Methods
After briefly introducing the study site, in this section, we describe the hardware

and software used in the image collection process, detailing its context and the distinctly
applied procedures, as well as the characteristics of the obtained results. Then, we describe
the general workflow covering the differences between traditional monitoring missions and
our contribution’s approach. Lastly, we present the pipeline of our methodology divided
into three phases: gathering of user-provided labels, the training of a first filtering model
and the final detection of burrow-like structures whose location will be reported on an
associated map relative to this specific monitoring campaign.

3.1. Study Area

Our proposed methodology has been tested on images extracted from a surveillance
campaign conducted along selected reaches of the Senio River, a 92 km tributary of the Reno
River in the Emilia-Romagna region of Italy (44.5475° N, 12.0954° E). The Senio originates in
the Appennino Tosco-Emiliano mountains in the province of Florence and flows northeast
through the province of Ravenna, before its confluence with the Reno. The river exhibits
highly variable discharge patterns, with a mean flow of approximately 10 m3/s, ranging
from minimum flows of 0.3 m3/s during dry periods to peak discharges exceeding 500 m3/s
during flood events. Notably, in May 2023 the river experienced significant flooding as
part of the widespread inundation events that affected the Emilia-Romagna region. The
selected areas represent sections where animal burrowing activity posed potential concerns
for bank integrity and flood risk management.
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3.2. Image Collection

Aerial imagery was acquired using an Unmanned Aircraft System (UAS) platform
equipped with a DJI Mavic 3 Enterprise produced by DJI Technology (Shenzhen, China)
and a 20-megapixel RGB camera (Shenzhen, China). The drone was integrated with an RTK
module connected to the Hexagon SmartNet network, which provided real-time GNSS cor-
rection services to achieve centimeter accuracy (horizontal: 1 cm; vertical: 1.5 cm + 1 ppm)
for camera positions and general navigation. Choosing RBG-only imagery was moti-
vated by economic costs, as well as the driving principle of building a system that works
based on the same premises as human-assisted identification. The camera featured a
three axis stabilized RGB sensor with a wide-angle lens (24 mm equivalent focal length,
f/2.8–f/11 aperture) and a 4/3′′ CMOS sensor with 3.3 µm pixels (maximum image dimen-
sions: 5280 × 3956 px). The system was chosen for its stability in variable wind conditions,
typical of riparian corridors and its capability to capture high resolution imagery, suitable
for detecting small scale geomorphological features such as burrow entrances. Prior to field
deployment, flight missions were planned using DJI Pilot 2 to ensure systematic coverage
of target riverbank sections. Flight plans were designed to capture both banks of the river
through separate parallel flight lines to better capture the details along the levee. Survey
altitude was maintained at approximately 30–35 m above ground level (AGL), providing
a ground sampling distance of approximately 9 mm/pixel. This resolution was selected
to enable reliable identification and measurement of burrow openings while maintaining
efficient coverage of extended river reaches. The collected data were georeferenced to
the RDN2008/UTM 32N coordinate system (North-East coding, EPSG Code 6707). Eleva-
tion values are based on the ellipsoidal height system. Image overlap was configured at
approximately 80% longitudinal overlap and 60% lateral overlap to ensure adequate redun-
dancy for subsequent photogrammetric processing and to minimize the risk of data gaps.
The UAS was flown at a consistent speed below 3 m/s to maintain image quality and reduce
motion blur. Nadir (vertical) imagery was acquired in automated flight mode for general
coverage and photogrammetric model construction, while more detailed oblique shots of
burrows along the internal and external sides of the river banks were captured through
manual flight with time interval programmed capture. The positional accuracy (RMSE) of
camera positions ranged between 1.5 cm and 2.5 cm. In total, approximately 0.155 km2 were
surveyed along a 950 m linear river reach. Flight operations were conducted during the
autumn season (2024) to take advantage of optimal conditions, such as low water levels for
maximum bank exposure and favorable vegetation conditions. Missions were scheduled
during midday hours to minimize shadow effects and ensure consistent illumination across
the survey area. All flights were performed under suitable meteorological conditions. No
special authorizations were required for the flight operations, though nearby landowners
and residents were notified prior to survey activities. Concurrent with UAS operations,
ground-based topographic surveys of burrow entrances and feeding holes were conducted
using a Stonex S990a GNSS topographic system (Stonex, Paderno Dugnano, Italy) oper-
ating in nRTK mode and connected to the Hexagon SmartNet network for real-time data
correction. Having this fundamental ground truth allowed objective verification of the
number and precise locations of these features. The image acquisition methodology was
subject to several constraints inherent to UAS-based surveys of riparian environments.
Examples of the shots can be seen in Figure 1, while in Figure 2 provides an overview of
all of the taken shots. Dense vegetation in certain reaches limited visibility of bank faces,
especially in areas lacking recent maintenance. Additionally, the single date nature of the
survey represents a snapshot of conditions and does not capture the temporal dynamics of
burrow activity, nor seasonal variations in detectability.
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(a) (b) (c) (d)

Figure 1. Examples of collected images: (a,b) show a nadiral view of the river, figures (c,d) show the
specific details of burrows along the levee.

(a) (b)

Figure 2. Overview of all the shots taken via drone on the site: figure (a) refers to the nadiral shots
taken during the programmed flight, while figure (b) refers to the inclined shots of the levee taken
with human supervision.

3.3. Workflow

After acquisition, images are stored and organized into a hierarchical structure, en-
compassing the levels of campaigns and image sets. A campaign includes all images from
a specific monitoring initiative conducted at a particular site. Each campaign is further
subdivided into multiple image sets, grouping images based on shared characteristics such
as shooting position, angle and environmental conditions. The entire campaign is stored
in a centralized database. Traditionally, this workflow would require users to manually
label images and identify the areas of the riverbank that are deemed most at risk, a time
consuming process that demands expert knowledge and careful inspection. The classi-
fication workflow aims at automating this critical step through a systematic approach:
users manually label representative image regions to identify burrow and non-burrow
areas, establishing training examples. To enable effective automation, it is essential to
extract general features that can reliably distinguish burrows across diverse conditions.
These annotations enable the training of a pixel-level classification model that learns to
distinguish patterns associated with burrows from background elements. Once trained,
the model processes complete images to generate binary classification outputs, which then
undergo morphological filtering and geometric analysis to identify any candidate burrow
locations. Results are presented to users for validation and correction, thus enabling an
iterative refinement of the model’s performance. The classification pipeline is illustrated
in Figure 3.

The implementation of this workflow faces significant challenges inherent to the
nature of riverbank monitoring data. Image reconnaissance is demanding in resources
and time consuming, often requiring specialized equipment and favorable environmental
conditions. This constraint frequently results in insufficient training examples to adequately
cover the full variance of burrow characteristics, including shape, size and color across
various contexts. Variations across geographical zones, like vegetation density, burrow
dimensions, illumination conditions (e.g., due to the time of the day), image inclination
and other environmental factors substantially increase the complexity of the prediction
problem. Traditional monitoring campaigns are inherently constrained by temporal and
environmental factors, hence typically capturing images during optimal lighting conditions
within specific seasonal windows. This results in the available training data rarely covering
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the full spectrum of possible burrow appearances across different geographical, climatic,
seasonal and meteorological conditions. These sources of variability affect not only the
visual appearance of burrows, but also the background context, making feature extraction
and model generalization particularly challenging. Consequently, developing a single
general-purpose model capable of reliably detecting burrows across all possible conditions
proves impractical.

Input Image Probability Map Final Classification

..

Random Forest
Classification

Section
Filtering

Figure 3. The classification pipeline: The first layer is composed of a random forest that provides a
binary classification for each pixel, while the second layer makes use of density and shape properties
inside of the binary frame, allowing for accurate classification of the whole frame.

To address these challenges, rather than pursuing a single universal predictive model,
we implemented a flexible, context-dependent modeling strategy. This approach enables
the development of customized models specifically tailored to the characteristics of each
image set within its respective campaign. By training lightweight models adapted to the
specific visual conditions of each image set, the system can effectively handle the high
variability observed in field data while maintaining computational efficiency. This strategy
balances automation with expert oversight, allowing the system to progressively refine its
detection capabilities while maintaining flexibility across diverse environmental conditions
and image characteristics. The modular design also supports model reuse across visually
similar image sets, reducing redundant annotation efforts and enabling efficient scaling
across multiple monitoring sites. The process can be divided into three phases: manual
annotation, model training, and frame classification and refinement. These will be detailed
in the following sections.

3.4. Manual Annotation

In the manual annotation phase, the user manually labels regions within each image,
distinguishing between positive samples (i.e., corresponding to burrows) and negative
samples (i.e., non-burrow areas). This task is carried out through a dedicated graphical
interface, which allows to inspect images visually, zoom-in and pan as needed. Using
the mouse, the user draws rectangular regions of variable size and explicitly assigns
each one to a category, either burrow or non-burrow. The system automatically records
the selection’s coordinates, width and height. Each annotated region is stored while
maintaining its association with the corresponding image for subsequent analysis and
model development. In this process, identifying zones free of burrow activity is critically
important, as these negative samples play a key role in defining a clear distinction between
the two categories. By providing examples of areas where burrows are absent, the system
can better distinguish relevant features and reduce the likelihood of false positives during
training, thus proficiently ruling out noise and inference. This manual annotation defines
the foundational knowledge that the predictive system will learn from. The overall analysis
is based on a continuous feedback loop between the user and the application, in which the
human component plays a fundamental role in conveying to the system the concept of a
burrow, guiding it in the discrimination between positive and negative areas.
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3.5. Model Training

In the model training phase, a machine learning algorithm uses the labeled regions
from the first phase to generate a predictive model capable of distinguishing between
burrow and non-burrow pixels. The model relies primarily on the color information of
individual pixels (RGB values) without explicitly considering spatial relationships between
neighboring pixels. Specifically, the algorithm trains a decision tree ensemble, namely a
Random Forest, which combines the output of multiple decision trees to improve classifica-
tion accuracy and robustness. The transformation from image regions to individual pixel
classifications allows the application of a Random Forest to this computer vision task. Each
pixel within the selected positive and negative image regions was treated as an independent
classification instance, with its RGB color values serving as the three-dimensional feature
vector input to the machine learning algorithm.

The pixel classification process systematically sampled every pixel within the des-
ignated positive and negative regions, creating a comprehensive representation of the
color characteristics associated with each class. For burrow regions, this approach mostly
captured the dark internal pixels typically associated with cavity openings, but also the
transitional pixels at the edges of the burrow where shadow gradients create intermediate
color values. Similarly, negative regions comprised pixels that cover the full range of
background color variations, from bright soil surfaces to shadowed areas that might be er-
roneously misclassified as actual burrow openings. Once trained, the Random Forest model
was applied to classify every pixel within new target images requiring burrow detection.

Each pixel in these candidate images was extracted and evaluated by the classifier,
which assigned it to either the burrow or non-burrow class based on its color character-
istics. The extraction and training process is represented in Figure 4. This pixel-by-pixel
classification produces a binary output frame, a black and white representation where
black pixels indicate locations classified as potential burrow regions, and white pixels
encapsulate multiple non-burrow elements, such as background areas (sky, water, etc.),
vegetative elements (plants and trees) or artificial structures (roads and signs).

Training Stage

Annotated Data

Image + Labels

... ...

POS NEG

Training Pixels

Extracted Features

Random Forest

Ensemble Model

PKL

Trained Model

.pkl / .joblib

Figure 4. The training process pipeline. Pixels are extracted from user-selected examples to train a
Random Forest model able to recognize the differences between positive and negative pixels.

This binary frame represents an intermediate processing stage rather than a final
detection result. While it successfully highlights candidate regions where burrow-like color
patterns exist, the pixel-level classification alone does not account for spatial coherence,
morphological characteristics, nor any contextual features that distinguish true burrow
openings from false positives. The binary frame may contain scattered individual pixels
or small clusters classified as burrows due to color similarity. Consequently, this initial
classification output requires further post-processing steps, including morphological op-
erations for noise reduction, contour detection and feature-based filtering to consolidate
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fragmented detections, eliminate spurious classifications and extract meaningful burrow
candidates for subsequent validation and measurement.

The performance of the predictive model strongly depends on the quality and precision
of the manual annotations from the first phase. Accurate labeling of burrow and non-
burrow regions ensures that the system can learn reliable visual patterns and environmental
cues, ultimately improving detection accuracy across diverse images and scenarios.

3.6. Frame Classification

Finally, during classification and refinement, the trained model is deployed across the
entire image dataset to automatically detect and localize burrows. Following a cleaning step,
the method additionally filters sub-areas out of the black and white binary frame, selecting
those that contain certain morphological and spatial properties typical of a visible burrow
opening. Three low-level image cleaning steps are performed at this point: noise reduction,
consisting of cleaning and removing the sporadic false positive pixels; the application of
a density filter, that is, letting a sliding window through the binary frame, by means of
which, given the density ratio of the positive burrow and total pixels in each window, we
extract the windows where that ratio surpasses a certain threshold; lastly, the application
of a geometric filter allows us to search and extract agglomerates of positively classified
pixels that can be inscribed inside of a circle, evaluating the objects’ circularity.

The model outputs are then presented back to the user, who can assess their accuracy
and, if necessary, refine or extend the existing labels by correcting erroneous classifications.
These corrections are incorporated into the training dataset and the cycle repeats. This
iterative process of learning and correction allows the system to progressively improve its
performance and ability to generalize, with each iteration refining the model’s understand-
ing of what constitutes a burrow. Each trained model is therefore explicitly linked to the
image set from which it was generated. This design choice provides several advantages.
Firstly, it ensures that users can rely on stable and well-performing models for specific
portions of their data (i.e., images), independent of the variability present in the rest of the
dataset. Secondly, it allows for the reuse of similar models. Through comparative analysis,
users may identify multiple image sets that share visual or contextual similarities. In such
cases, instead of training a new model from scratch (including the entire manual labeling
process), users can test previously trained models on new image sets to evaluate their flexi-
bility, applicability and general performance. This mechanism promotes efficiency, reduces
computational costs and encourages the incremental refinement of predictive models based
on empirical feedback.

4. Experiments and Results
To validate the efficacy of the proposed methodology for animal burrow detection

in river levee aerial imagery, we conducted a comprehensive experimental evaluation.
The assessment framework was designed to quantify performance at two distinct levels:
the pixel-wise classification capability of the initial Random Forest stage and, crucially,
the spatial accuracy of the final detection system in localizing actual burrow instances.

The experimental dataset comprises selected aerial images from the Senio River dataset,
that capture levee infrastructure and animal burrows with high spatial detail. These images
serve as the testing ground for the pipeline, encompassing a representative variety of
environmental conditions.

4.1. Dataset

The images collected are described in Section 3.2 and are characterized by high resolu-
tion (5280 × 3956 px) and substantial overlap between each subsequent shot, resulting in
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broad areas encompassing numerous burrows. Because of the specific characteristics of the
area and of the animals that populate it, the set of images does not contain negative frames;
that is, burrows occur in every image (see Section 4.4). Thus, we processed the images as
follows: the image set was linearly spaced and each image was divided into six equally
sized quadrants, 52 containing burrows and 35 without any burrows, resulting in a total of
87 images. Figure 5 shows examples of the extracted dataset snippets, with their relative
manual classification.

(a) (b) (c) (d)

Figure 5. Examples of images extracted for the dataset: (a,b) show images without burrows, while
(c,d) show images with burrows.

4.2. Labeling

The objective assessment of the automated classification results relies on a comparison
against the labeled dataset, which serves as the authoritative reference standard. In this
study, ground truth was established through a rigorous manual annotation process. Human
experts meticulously inspected the dataset to classify regions of interest. Areas confirmed
to exhibit burrow characteristics were manually delineated and labeled as positive instances,
creating a definitive classification mask. The resulting set of labeled instances provides the
baseline required to calculate the performance metrics detailed in the following sections.

Consistency in the manual annotation phase was guaranteed by having several inde-
pendent experts contributing to this step; the area under analysis was already known to
each expert, who had several years of experience in this field.

4.3. Experimental Protocol

To rigorously assess the robustness and the zero-configuration capability of the pro-
posed method, we designed a comprehensive experimental protocol. The global opti-
mization was conducted by a full grid search strategy, exploring the interplay between
the morphological filtering and spatial density parameters. We evaluated every possible
combination within the defined parameter space to capture interactions between the mor-
phological cleaning intensity and the detection criteria, in particular, we combined the
following: five morphological configurations (C ∈ {0, 1, 2, 3, 4}) representing a range of
morphological filtering intensity, from raw segmentation to aggressive noise reduction,
and eight density thresholds (D ∈ {0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}), encompassing a range
of thresholds defining the required proportion of positive pixels within a candidate section.

The parameters C and D are intrinsically coupled. Morphological cleaning acts by
eroding the predicted positive areas in the probability map, so the density threshold
could be significantly affected by the resulting change in the spatial distribution and
quantity of these pixels. By mapping the entire performance landscape, we can assess
the stability of the proposed descriptors. A robust method should exhibit a wide plateau
of high performance rather than a single, isolated peak. To measure the impact of data
availability and perceived effort for the user, the entire grid search was repeated varying
the training set size (size ∈ {5%, 10%, 20%, 40%, 60%, 80%, 100%} of the training pool).
This multidimensional approach allows us to quantify the learning convergence of the
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morphological features and demonstrates the system’s ability to achieve high performance,
even with limited labeled data. To ensure consistent benchmarking, we adopted a fixed
hold-out validation strategy with bootstrapped training sets. Thus, prior to the experiments
a dedicated test set (comprising 20% of the dataset) was isolated and kept fixed throughout
all iterations; the remaining images constituted the training pool. For every experimental
condition (i.e., specific configuration, density, and training size), we cross-validated the
results with a 10-fold repetition of randomly sampling a subset of distinct images from the
training pool according to the chosen percentage, training the model and evaluating the
model on the test set. For every recorded performance index, the final reported performance
is given in terms of mean value and standard deviation over the 10 runs. This approach
isolates the variability due to training data selection, providing a robust estimate of the
method’s stability.

4.4. Evaluation Metrics

The performance evaluation is conducted at the frame (or image) level. In this context,
the problem is formalized as a binary classification task: distinguishing between frames
containing at least one target (positive frames) and frames containing exclusively back-
ground (negative frames). Accordingly, the metrics are defined as follows: a true positive is
recorded when the system detects at least one burrow candidate in a frame that actually
contains one, and a false positive is recorded when the system flags a frame as containing a
burrow, but the frame is actually empty (pure background). Given the potential imbalance
between frames with and without burrows, we chose to record, for every run, precision and
F1-score: precision assesses the reliability of the system’s alerts, and answers the question
“given that the system claims an image contains a burrow, how likely is that it is correct?”; F1-score,
defined as the harmonic mean of precision and recall, allows us to establish when high
precision is not achieved simply by ignoring difficult cases, therefore summarizing the
system’s ability to correctly identify positive frames without generating excessive false
alarms on empty ones. The results are shown in Table 1.

4.5. Discussion

Upon reading the results, the following considerations emerge. The observed in-
variance in both mean performance and standard deviation with minimal morphological
cleaning (C ≈ 0) and permissive density thresholds (D ≤ 0.3) suggests a state of under-
filtering saturation. In such configurations, the system essentially operates at a performance
floor where the post-processing logic (cleaning and density threshold) is too loose to re-
flect any incremental improvements in the underlying decision tree ensemble classifier.
Because the detection criteria are so easily satisfied, even a minimal 5 training set ap-
pears sufficient to generate a probability map capable of triggering a detection, effectively
masking the benefits that a larger training volume would typically provide to the model’s
discriminative power. This lack of response to increased data is further compounded by the
dominance of structural noise, such as shadows and rocky textures, which are consistently
present throughout the aerial imagery. Finally, the remarkable stability of the standard
deviation values across iterations is proof of statistical determinism. In more restrictive
configurations, the selection of different training samples during bootstrapping typically
introduces variance in the results.
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Table 1. Full Grid Search Results. Precision (P) and F1-Score (F1) metrics (µ ± σ). Vertical labels indicate the Morphological Filtering configuration (C), columns
indicate Density Threshold (D).

D = 0.2 D = 0.3 D = 0.4 D = 0.5 D = 0.6 D = 0.7 D = 0.8 D = 0.9

Train P F1 P F1 P F1 P F1 P F1 P F1 P F1 P F1

C

5% 0.600 ± 0.000 0.750 ± 0.000 0.608 ± 0.014 0.756 ± 0.011 0.625 ± 0.000 0.769 ± 0.000 0.625 ± 0.000 0.769 ± 0.000 0.625 ± 0.000 0.692 ± 0.000 0.667 ± 0.072 0.799 ± 0.051 0.667 ± 0.072 0.799 ± 0.051 0.689 ± 0.054 0.793 ± 0.059
10% 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.617 ± 0.014 0.763 ± 0.011 0.645 ± 0.041 0.783 ± 0.031 0.674 ± 0.067 0.771 ± 0.085 0.761 ± 0.068 0.750 ± 0.096
20% 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.608 ± 0.014 0.756 ± 0.011 0.653 ± 0.028 0.790 ± 0.021 0.706 ± 0.050 0.827 ± 0.034 0.791 ± 0.112 0.863 ± 0.081 0.910 ± 0.018 0.780 ± 0.100
40% 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.608 ± 0.014 0.756 ± 0.011 0.608 ± 0.014 0.756 ± 0.011 0.636 ± 0.042 0.777 ± 0.031 0.724 ± 0.062 0.831 ± 0.052 0.791 ± 0.117 0.810 ± 0.042 1.00 ± 0.000 0.694 ± 0.057
60% 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.608 ± 0.014 0.756 ± 0.011 0.682 ± 0.000 0.811 ± 0.000 0.786 ± 0.074 0.861 ± 0.056 0.874 ± 0.152 0.734 ± 0.090
80% 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.608 ± 0.014 0.756 ± 0.011 0.683 ± 0.031 0.811 ± 0.022 0.751 ± 0.038 0.858 ± 0.025 0.869 ± 0.150 0.772 ± 0.066
100% 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.600 ± 0.000 0.750 ± 0.000 0.672 ± 0.017 0.804 ± 0.012 0.776 ± 0.023 0.874 ± 0.015 1.00 ± 0.000 0.750 ± 0.000

C
=

1

5% 0.634 ± 0.016 0.776 ± 0.012 0.634 ± 0.016 0.776 ± 0.012 0.644 ± 0.033 0.783 ± 0.024 0.664 ± 0.046 0.797 ± 0.033 0.686 ± 0.063 0.797 ± 0.052 0.705 ± 0.039 0.811 ± 0.046 0.695 ± 0.051 0.788 ± 0.061 0.662 ± 0.141 0.681 ± 0.206
10% 0.617 ± 0.014 0.763 ± 0.011 0.653 ± 0.028 0.790 ± 0.021 0.696 ± 0.064 0.820 ± 0.046 0.722 ± 0.086 0.836 ± 0.059 0.756 ± 0.038 0.843 ± 0.036 0.825 ± 0.075 0.817 ± 0.085 0.913 ± 0.088 0.754 ± 0.161 0.944 ± 0.096 0.502 ± 0.183
20% 0.662 ± 0.017 0.797 ± 0.012 0.694 ± 0.036 0.819 ± 0.025 0.763 ± 0.023 0.866 ± 0.015 0.833 ± 0.036 0.860 ± 0.037 0.927 ± 0.072 0.858 ± 0.031 0.928 ± 0.065 0.726 ± 0.103 0.928 ± 0.065 0.671 ± 0.086 0.944 ± 0.096 0.538 ± 0.086
40% 0.653 ± 0.028 0.790 ± 0.021 0.729 ± 0.055 0.842 ± 0.037 0.794 ± 0.069 0.884 ± 0.044 0.838 ± 0.042 0.859 ± 0.028 0.927 ± 0.072 0.844 ± 0.015 0.911 ± 0.084 0.719 ± 0.023 0.958 ± 0.072 0.606 ± 0.033 0.933 ± 0.116 0.414 ± 0.012
60% 0.635 ± 0.030 0.776 ± 0.023 0.683 ± 0.031 0.811 ± 0.022 0.740 ± 0.055 0.850 ± 0.036 0.808 ± 0.109 0.860 ± 0.047 0.878 ± 0.113 0.881 ± 0.074 0.880 ± 0.125 0.747 ± 0.071 0.881 ± 0.206 0.631 ± 0.009 0.889 ± 0.193 0.555 ± 0.049
80% 0.608 ± 0.014 0.756 ± 0.011 0.672 ± 0.017 0.804 ± 0.012 0.727 ± 0.039 0.842 ± 0.027 0.810 ± 0.086 0.893 ± 0.054 0.801 ± 0.065 0.830 ± 0.034 0.941 ± 0.052 0.822 ± 0.090 0.933 ± 0.116 0.638 ± 0.002 1.00 ± 0.000 0.474 ± 0.046
100% 0.617 ± 0.014 0.763 ± 0.011 0.672 ± 0.017 0.804 ± 0.012 0.763 ± 0.023 0.866 ± 0.015 0.791 ± 0.042 0.883 ± 0.026 0.925 ± 0.003 0.870 ± 0.023 1.00 ± 0.000 0.800 ± 0.000 1.00 ± 0.000 0.636 ± 0.000 1.00 ± 0.000 0.524 ± 0.041

C
=

2

5% 0.634 ± 0.016 0.776 ± 0.012 0.653 ± 0.028 0.790 ± 0.021 0.685 ± 0.052 0.812 ± 0.037 0.692 ± 0.063 0.809 ± 0.045 0.694 ± 0.048 0.787 ± 0.066 0.710 ± 0.042 0.806 ± 0.069 0.643 ± 0.096 0.658 ± 0.183 0.607 ± 0.148 0.563 ± 0.206
10% 0.683 ± 0.031 0.811 ± 0.022 0.718 ± 0.062 0.835 ± 0.041 0.751 ± 0.038 0.858 ± 0.025 0.807 ± 0.050 0.839 ± 0.047 0.882 ± 0.055 0.825 ± 0.140 0.927 ± 0.072 0.752 ± 0.157 0.911 ± 0.078 0.551 ± 0.055 0.917 ± 0.144 0.328 ± 0.010
20% 0.738 ± 0.021 0.849 ± 0.014 0.812 ± 0.030 0.878 ± 0.030 0.896 ± 0.120 0.853 ± 0.038 0.972 ± 0.048 0.754 ± 0.060 0.936 ± 0.055 0.763 ± 0.040 0.919 ± 0.073 0.634 ± 0.087 1.00 ± 0.000 0.514 ± 0.160 1.00 ± 0.000 0.389 ± 0.096
40% 0.738 ± 0.021 0.849 ± 0.014 0.847 ± 0.024 0.907 ± 0.003 0.853 ± 0.061 0.857 ± 0.018 0.949 ± 0.089 0.840 ± 0.052 0.899 ± 0.010 0.719 ± 0.051 0.952 ± 0.083 0.604 ± 0.080 0.952 ± 0.083 0.513 ± 0.080 1.00 ± 0.000 0.392 ± 0.051
60% 0.717 ± 0.057 0.835 ± 0.039 0.780 ± 0.085 0.865 ± 0.050 0.871 ± 0.105 0.896 ± 0.038 0.894 ± 0.119 0.825 ± 0.019 0.878 ± 0.135 0.716 ± 0.019 0.909 ± 0.158 0.608 ± 0.033 0.917 ± 0.144 0.603 ± 0.055 0.905 ± 0.165 0.432 ± 0.019
80% 0.740 ± 0.055 0.850 ± 0.036 0.819 ± 0.066 0.890 ± 0.042 0.853 ± 0.094 0.898 ± 0.038 0.930 ± 0.067 0.871 ± 0.016 0.967 ± 0.058 0.740 ± 0.017 0.917 ± 0.144 0.647 ± 0.018 0.933 ± 0.116 0.594 ± 0.040 0.944 ± 0.096 0.439 ± 0.032
100% 0.715 ± 0.034 0.834 ± 0.023 0.835 ± 0.047 0.910 ± 0.028 0.875 ± 0.000 0.903 ± 0.000 0.923 ± 0.000 0.857 ± 0.000 1.00 ± 0.000 0.783 ± 0.029 1.00 ± 0.000 0.636 ± 0.000 1.00 ± 0.000 0.571 ± 0.000 1.00 ± 0.000 0.421 ± 0.000

C
=

3

5% 0.685 ± 0.052 0.812 ± 0.037 0.683 ± 0.031 0.811 ± 0.022 0.692 ± 0.063 0.809 ± 0.045 0.705 ± 0.039 0.811 ± 0.046 0.698 ± 0.054 0.759 ± 0.123 0.720 ± 0.113 0.726 ± 0.215 0.688 ± 0.055 0.654 ± 0.140 0.670 ± 0.160 0.540 ± 0.222
10% 0.758 ± 0.095 0.860 ± 0.063 0.788 ± 0.130 0.867 ± 0.062 0.860 ± 0.065 0.867 ± 0.046 0.887 ± 0.056 0.847 ± 0.068 0.886 ± 0.039 0.770 ± 0.096 0.928 ± 0.065 0.671 ± 0.086 0.944 ± 0.096 0.460 ± 0.120 1.00 ± 0.000 0.333 ± 0.000
20% 0.825 ± 0.049 0.876 ± 0.027 0.886 ± 0.103 0.839 ± 0.046 0.912 ± 0.091 0.752 ± 0.061 0.936 ± 0.055 0.728 ± 0.038 1.00 ± 0.000 0.669 ± 0.118 1.00 ± 0.000 0.635 ± 0.062 0.944 ± 0.096 0.511 ± 0.112 0.867 ± 0.231 0.322 ± 0.019
40% 0.866 ± 0.028 0.928 ± 0.016 0.851 ± 0.034 0.870 ± 0.032 0.974 ± 0.044 0.864 ± 0.022 0.963 ± 0.064 0.666 ± 0.030 1.00 ± 0.000 0.615 ± 0.038 0.952 ± 0.083 0.563 ± 0.015 0.933 ± 0.116 0.385 ± 0.046 1.00 ± 0.000 0.297 ± 0.107
60% 0.799 ± 0.105 0.886 ± 0.067 0.819 ± 0.091 0.868 ± 0.035 0.877 ± 0.142 0.801 ± 0.040 0.896 ± 0.180 0.718 ± 0.028 0.881 ± 0.206 0.631 ± 0.009 0.939 ± 0.105 0.633 ± 0.061 0.889 ± 0.193 0.447 ± 0.046 0.889 ± 0.193 0.389 ± 0.096
80% 0.819 ± 0.064 0.890 ± 0.029 0.875 ± 0.008 0.903 ± 0.035 0.905 ± 0.083 0.848 ± 0.035 0.944 ± 0.096 0.711 ± 0.026 0.933 ± 0.116 0.657 ± 0.033 1.00 ± 0.000 0.571 ± 0.000 0.952 ± 0.083 0.463 ± 0.072 1.00 ± 0.000 0.363 ± 0.051
100% 0.833 ± 0.000 0.909 ± 0.000 0.858 ± 0.030 0.894 ± 0.016 0.923 ± 0.000 0.857 ± 0.000 1.00 ± 0.000 0.767 ± 0.029 1.00 ± 0.000 0.656 ± 0.034 1.00 ± 0.000 0.593 ± 0.038 1.00 ± 0.000 0.524 ± 0.041 1.00 ± 0.000 0.421 ± 0.000

C
=

4

5% 0.685 ± 0.052 0.812 ± 0.037 0.696 ± 0.064 0.820 ± 0.046 0.693 ± 0.052 0.785 ± 0.088 0.682 ± 0.067 0.747 ± 0.153 0.665 ± 0.107 0.706 ± 0.214 0.675 ± 0.045 0.630 ± 0.173 0.651 ± 0.073 0.573 ± 0.182 0.565 ± 0.105 0.481 ± 0.129
10% 0.791 ± 0.042 0.883 ± 0.026 0.812 ± 0.039 0.864 ± 0.032 0.900 ± 0.091 0.859 ± 0.053 0.879 ± 0.036 0.736 ± 0.112 0.958 ± 0.072 0.643 ± 0.094 0.897 ± 0.090 0.531 ± 0.049 1.00 ± 0.000 0.330 ± 0.093 1.00 ± 0.000 0.235 ± 0.000
20% 0.871 ± 0.050 0.866 ± 0.009 0.972 ± 0.048 0.772 ± 0.037 0.909 ± 0.091 0.719 ± 0.044 0.933 ± 0.116 0.692 ± 0.093 0.958 ± 0.072 0.627 ± 0.016 0.917 ± 0.144 0.439 ± 0.106 0.917 ± 0.144 0.328 ± 0.010 0.889 ± 0.193 0.264 ± 0.061
40% 0.894 ± 0.034 0.913 ± 0.017 0.910 ± 0.101 0.848 ± 0.048 1.00 ± 0.000 0.732 ± 0.031 1.00 ± 0.000 0.653 ± 0.090 0.952 ± 0.083 0.563 ± 0.015 0.944 ± 0.096 0.466 ± 0.041 1.00 ± 0.000 0.392 ± 0.051 1.00 ± 0.000 0.235 ± 0.000
60% 0.816 ± 0.063 0.879 ± 0.023 0.907 ± 0.160 0.841 ± 0.051 0.938 ± 0.108 0.743 ± 0.083 0.856 ± 0.171 0.674 ± 0.042 0.909 ± 0.158 0.608 ± 0.033 0.958 ± 0.072 0.560 ± 0.055 0.952 ± 0.083 0.463 ± 0.072 0.889 ± 0.193 0.317 ± 0.074
80% 0.878 ± 0.004 0.915 ± 0.020 0.903 ± 0.040 0.860 ± 0.035 0.949 ± 0.089 0.744 ± 0.045 0.933 ± 0.116 0.677 ± 0.032 0.958 ± 0.072 0.627 ± 0.016 0.926 ± 0.128 0.552 ± 0.045 0.933 ± 0.116 0.414 ± 0.012 1.00 ± 0.000 0.333 ± 0.000
100% 0.875 ± 0.000 0.903 ± 0.000 0.906 ± 0.034 0.874 ± 0.021 0.970 ± 0.053 0.756 ± 0.011 1.00 ± 0.000 0.696 ± 0.000 1.00 ± 0.000 0.636 ± 0.000 1.00 ± 0.000 0.571 ± 0.000 1.00 ± 0.000 0.421 ± 0.000 1.00 ± 0.000 0.333 ± 0.000
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Observing the results from the perspective of the morphological configurations
(rows C), a consistent trend emerges: the optimal performance peak for each row gradually
shifts toward lower density values (columns D) as the cleaning intensity increases. This
behavior is a direct consequence of the filtering logic of the pipeline. Since morphological
cleaning acts by eroding positive pixels, an increase in the parameter C effectively thins
out the structural representation of the burrow. Consequently, to maintain a high F1-Score
and prevent a collapse in recall, the density threshold D must be proportionally relaxed
to accommodate the reduced pixel count within the target area. In contrast, for milder
cleaning configurations, a higher number of predicted pixels is maintained, necessitating a
stricter density threshold to effectively suppress the surviving background noise. This shift
confirms that the two parameters act as a coupled system, where the optimal operating
point is defined by their balance rather than by their individual values.

A notable trend is observed in the lower-diagonal region of the parameter matrix,
particularly as the training set size increases. In this regime, the system consistently achieves
perfect or near-perfect precision. This behavior can be explained by the interplay between
model maturity and systemic restrictiveness. As the training set expands from 5% to
100%, the underlying pixel classifier develops a significantly higher discriminative power,
producing probability maps with a superior signal-to-noise ratio. When this mature model
is paired with aggressive morphological cleaning (C ≥ 3) and high density thresholds
(D ≥ 0.7), the entry barrier for a candidate detection becomes extremely high. Under these
conditions, the probability of background noise or structural artifacts generating a signal
strong enough to survive both filters drops to near zero. Consequently, while the system
becomes increasingly conservative (at the expense of missing true positive predictions)
the reliability of its positive predictions becomes absolute. Such values for C and D can
be considered as a high-confidence operating mode, where the total elimination of false
alarms is prioritized.

Despite achieving perfect precision in the more restrictive regions (high C and D),
the corresponding F1-score reveals a significant performance trade-off. As the system
moves toward the lower-diagonal extremity of the grid search, the F1-Score exhibits a
noticeable decline, often dropping below the values recorded in the intermediate sweet
spot. This divergence is caused by a collapse in recall: the severity of both filters becomes so
restrictive that it not only eliminates noise, but also rejects valid burrow candidates. Since
the F1-Score balances precision and recall, it penalizes this over-conservative behavior,
highlighting that configurations with perfect precision are not necessarily the most effective
ones, failing to detect a substantial portion of the targets.

Based on the grid search analysis, the parametrization C = 2 and D = 0.3 can be
identified as the optimal operational configuration. While other specific combinations might
yield sporadic performance spikes, this setup consistently delivers state-of-the-art results
(achieving a test F1-score of ≈0.91 with the full training set) while maintaining superior
stability. Crucially, the superiority of this configuration extends beyond the absolute metric
values. A defining characteristic of the model obtained by setting C = 2 and D = 0.3 is
its distinct responsiveness to data availability. Unlike minimal configurations (e.g., C = 0)
which suffered from early saturation and flat performance curves, this setup exhibits a
consistent positive learning trend, as seen in Figure 6. As the training set size increases,
a noticeable improvement in the metrics is observed, increasing the F1-score from 0.790
(on 5% of the training set) to 0.910 (on 100%). This behavior seems very significant, as it
validates the quality of the feature descriptors, proving that the system is not only relying
on static filtering constraints, but effectively leverages the additional training examples to
refine its decision boundaries and reduce generalization error.
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Figure 6. Performance for the best configuration (C = 2, D = 0.3) varying the size of the training set.

As a final note, it should be observed that our protocol can be immediately extended
to cover any similar area; no assumptions have been made on the type of river, riverbanks,
or animals involved in the process.

5. Conclusions
This study presents a scalable, data-driven approach for detecting animal burrows

in river levee systems using aerial imagery and machine learning techniques. Traditional
geophysical methods, while accurate, require specialized equipment, trained personnel,
significant time investment and are not always reliable, limiting their applicability for wide
monitoring. Our methodology addresses these constraints by leveraging Unmanned Air-
craft Systems and Random Forest classification to enable efficient, large scale surveillance
of levee infrastructure. The solution addresses both the scarcity and high variability of
field data, the latter arising from geographical differences, vegetation density, illumination
conditions, image inclination and seasonal factors. Rather than pursuing a single universal
model, the system develops a lightweight customized model, tailored to the collected
images belonging to a specific monitoring campaign. The classification workflow addresses
a fundamental challenge in infrastructure monitoring: the need to inspect extensive levee
networks efficiently. Rather than requiring users to manually examine every image in
detail, the system enables them to label only a small number of representative regions that
exemplify burrow and non-burrow characteristics. From these limited training examples,
a Random Forest classifier learns to automatically process entire image datasets, identifying
potential burrow locations across hundreds or thousands of images. The automated detec-
tion pipeline applies morphological filtering, density analysis, and geometric constraints to
refine the initial classifications, presenting users with a curated set of candidate locations
for final validation.

This process went through comprehensive experimental validation using a full grid
search strategy, exploring the interplay between cleaning configurations and spatial density
thresholds across varying training set sizes. Results revealed that a compensatory relation-
ship existed between the parameters of the system; the optimal parametrization allowed
us to achieve a good balance between precision and recall even with limited training data,
with a performance stably between 0.8 and 0.9 F1-score, effectively suggesting that our ap-
proach may be feasible. This last result is particularly valuable for operational deployment,
as it provides users with an economical annotation workflow, requiring minimal manual
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labeling effort to achieve reliable detection across large image datasets. This dramatically
reduces the inspection burden, transforming a task that would require hours of careful
manual review into a process where human expertise is focused only on providing initial
guidance and validating final results. This research demonstrates the viability of automa-
tion and machine learning for infrastructure monitoring, offering a practical alternative,
as well as a supporting tool, to traditional survey methods. By providing precise threat
identification and efficient monitoring capabilities, the system facilitates a fundamental
shift from reactive emergency repairs to proactive maintenance strategies.

The software has already been adopted by public officials for operational use, demon-
strating its practical value in real-world monitoring scenarios. Such practical deployment
establishes a continuous feedback loop between field operators and system development,
ensuring that it evolves in response to actual monitoring challenges. Furthermore, it pro-
vides operational data collected through routine use, creating opportunities for expanding
the training dataset across diverse geographical contexts, progressively enhancing the
model’s generalization capabilities.
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