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Abstract

Shrimp farming constitutes a strategic productive activity for Ecuador; however, monitoring of shrimp
ponds still relies on manual observations, fragmented records, and qualitative criteria that hinder the
early detection of visual conditions of operational interest. In this context, the present study proposes
a prototype adaptive intelligent system to support the visual monitoring of shrimp ponds through
computer vision. The proposal integrates image capture, visual information processing, organized
record storage, and alert visualization in an administrative dashboard. The evaluation was conducted
using public datasets employed as experimental approximations to three visual signals of interest:
feed accumulation, surface changes, and foam presence. In this work, anomaly detection is understood
as the preliminary identification of visual signals associated with possible anomalous conditions or
conditions of operational interest. The results show high performance in feed accumulation, with
mAP50 values above 0.98 for BOX and MASK; moreover, the bootstrap analysis revealed a statistically
significant advantage of YOLOv11lm-seg over YOLOv8m-seg for the shrimp class. In surface changes,
YOLOv8n and YOLOv11n achieved mAP50 values of 0.884 and 0.885, respectively, with no statistically
significant differences in Fl-score. In foam presence, the models achieved mAP50 values of 0.767
and 0.758, respectively, and the bootstrap analysis confirmed non-significant differences between
architectures, reflecting the visual complexity of this signal. Inference times of 3.9-21.2 ms/img
support the use of the prototype for frequent monitoring. It is concluded that the proposed system
effectively integrates computer vision, inference services, and alert visualization to support visual
inspection, event prioritization, and operational management of shrimp ponds.

Keywords: computer vision; intelligent aquaculture; shrimp ponds; preliminary anomaly detection;
operational visual signals; YOLOv8; YOLOv11; Android; FastAPI; AWS

1. Introduction

The shrimp aquaculture industry represents one of the relevant productive sectors for Ecuador,
especially in the coastal provinces where shrimp farming activity sustains employment, exports, and
local economic value chains. In this context, the continuous supervision of grow-out ponds is a critical
task, since the operational visual conditions of the pond can anticipate unfavorable situations for crop
development. Nevertheless, a significant proportion of producers still depend on manual inspections,
scattered records, and qualitative assessments that hinder the timely identification of risk situations.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Traditional monitoring presents several limitations, since human observation is subject to fatigue,
staff availability, and variability of criteria among operators. Moreover, the visual events that appear
in the ponds can evolve rapidly, so that a delayed detection reduces response capacity. This situation
becomes more critical for small and medium-sized producers, who typically face economic constraints
to incorporate specialized monitoring infrastructure and require accessible, scalable solutions compati-
ble with mobile devices. In addition, the absence of organized visual records limits the traceability of
the events observed in each pond and hinders the construction of local datasets to train or fine-tune
artificial intelligence models adapted to the Ecuadorian shrimp farming context.

In recent years, computer vision and detection neural networks have been used to automate
different monitoring tasks in aquaculture. In fish management, these methods have been applied to
the recognition, tracking, and visual analysis of organisms, evidencing their usefulness to complement
manual observation [7,8]. In crustaceans, image-based systems have also enabled the study of behav-
iors relevant to production and the generation of operational information from aquaculture scenes
[12]. In a complementary manner, other studies have addressed shrimp counting, size estimation,
and the analysis of body variables through visual processing [23,26]. In the feeding domain, models
have been proposed to detect uneaten pellets and feed residues, including YOLO-based variants
[14,28,29]. Nevertheless, the application of these approaches in shrimp ponds faces specific challenges,
such as lighting variations, turbidity, reflections, small objects, low availability of public datasets, and
differences between images captured under controlled conditions and real production scenarios.

Faced with this problem, the present work proposes a prototype adaptive intelligent system to
support the visual monitoring of shrimp ponds. The solution integrates computer vision based on
YOLO neural networks and a mobile/web architecture oriented toward the capture, processing, and
visualization of preliminary alerts. In particular, the system combines an Android mobile application,
inference services through FastAPI, storage in PostgreSQL on AWS, and an administrative web
dashboard. From the artificial intelligence component, YOLOvS8 and YOLOv11 variants are evaluated
on public datasets that represent analogous or reference visual signals. Consequently, the expression
anomaly detection is used in a preliminary sense, as the detection of signals associated with possible
anomalies, and not as operational validation in real shrimp ponds.

The main preliminary contributions of this work are as follows:

¢ Anintegrated three-layer architecture is proposed to support the visual monitoring of shrimp
ponds, combining a mobile application, an inference API, and an administrative web dashboard.

* A comparative experimental workflow between YOLOv8 and YOLOv11 variants is built, using
homogeneous training and evaluation configurations per condition.

¢  The experimental evaluation is organized into three categories of visual signals associated with
possible anomalies, using public datasets as an initial approximation.

¢  Preliminary results are presented that allow the identification of strengths and limitations of
lightweight models prior to validation in real shrimp ponds.

2. Related Work

As a general background, intelligent decision-support systems have been used in scenarios that
require analyzing dynamic information, identifying patterns, and transforming operational records
into useful knowledge for management. In this regard, previous studies have explored clustering
methods, data simplification, trajectory analysis, and behavior detection, approaches linked to the
processing of information from real environments and to the generation of interpretable results to
guide decisions [37,38].

Likewise, these studies highlight the importance of defining methodologies capable of reducing
data complexity, preserving their relevant elements, and facilitating interpretation within computa-
tional systems. This perspective is relevant for research that integrates capture, automatic processing,
event classification, and visualization of results, since it allows moving from isolated records to
structured information for monitoring conditions of interest [39,44].

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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These antecedents allow the introduction of the general logic of the present work: capturing
data from a real environment, processing it through intelligent models, and presenting results that
facilitate decision-making. From this general perspective, the review now turns toward studies directly
related to aquaculture, shrimp farming, computer vision, automatic monitoring, and the detection of
operational visual signals in production systems.

Computer vision has become established as a useful tool for automating observation tasks in
aquaculture. Its applications include the recognition, monitoring, and management of fish, with
the potential to reduce dependence on manual inspections [7]. Likewise, the use of cameras and
machine learning in precision aquaculture allows continuous information about organisms and the
environment to be obtained [8]. Segmentation using Mask R-CNN to measure morphological features
in fish demonstrates the capacity of vision models to extract biological indicators from images [13].

In shrimp, several studies have used images to estimate productive and body condition variables.
These applications include the non-destructive estimation of fresh weight through visual recognition
and machine learning, as well as the estimation of the body weight of Litopenaeus vannamei based on
morphometric features extracted from images [17,18].

In a complementary manner, other investigations have addressed length estimation, visual
assessment of the digestive tract, shrimp counting, and the measurement of size and stomach fullness
level in intelligent shrimp farming systems [25,26]. Together, these works support the notion that
visual analysis can generate relevant productive indicators; however, they focus mainly on biological
measurements rather than on operational visual pond alerts.

Automatic feeding and feed control have also been addressed in the aquaculture literature.
The comparison between time-based and demand-based feeding systems in semi-intensive shrimp
farming shows the importance of optimizing supply to improve productive management [15]. In a
complementary manner, feed management strategies and the use of automatic feeders in Litopenaeus
vannamei highlight that adequate administration reduces waste and improves efficiency [16].

From computer vision, models from the YOLO family have been used to detect uneaten pellets
and feed residues in underwater images, including proposals oriented toward real-time detection
[14,29]. In shrimp, approaches based on visual detection and lightweight architectures, such as YOLO-
Shrimp, support the use of this type of model to identify signals associated with feeding; however,
most of these studies focus on residual feed and not on an integrated mobile/web monitoring system
[27,28].

Another related line corresponds to IoT and artificial intelligence systems for aquaculture mon-
itoring. These solutions have been applied to the monitoring of water quality and species survival
in ponds, as well as to the integration of sensors, connectivity, and artificial intelligence to support
productive decisions [19,20]. Together, these works show that the combination of connected infrastruc-
ture and intelligent models can strengthen the continuous monitoring of environmental variables in
aquaculture systems.

In the specific case of shrimp production, models have been proposed for the early detection of
anomalies in water quality, as well as Edge-IoT systems to classify shrimp health conditions in real
time [22,35]. These antecedents show important advances in intelligent monitoring; however, they
are oriented mainly toward physicochemical variables, sensors, or general classification, rather than
toward the visual detection of surface-level operational signals or those associated with feeding.

Based on these antecedents, a specific gap is identified: integrating lightweight computer vision
models with a mobile/web architecture that enables image capture, processing, result storage, and the
visualization of alerts per shrimp pond. The present work is positioned within this gap by proposing a
functional prototype and evaluating YOLOv8 and YOLOv11 variants on these operational signals.

3. Materials and Methods

The study was initially structured under a bibliographic-documentary design, based on the
review and analysis of scientific articles and academic literature related to shrimp aquaculture, shrimp
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pond monitoring, and the application of artificial intelligence models for image analysis. This process
allowed the identification of object detection architectures employed in recent research, criteria for
dataset construction and labeling in aquaculture contexts, operational visual signals of interest, and
evaluation metrics applicable to the development of the project. Based on the gap identified in related
work, the study was organized into four complementary phases: review of background literature,
design of the technological architecture, preparation of visual datasets, and experimental evaluation of
detection models.

Additionally, the research presents an experimental character, since it involves the practical
implementation of a preliminary detection process for visual signals associated with possible anomalies
through computational vision. For this purpose, a controlled environment was configured in which
the public datasets, the training/validation/test partitions, the input size, the random seed, and the
main training parameters were kept constant. The contrasted variable was the model architecture,
comparing YOLOVS8 versus YOLOv11 variants to evaluate their effect on the detection of three reference
visual conditions: feed accumulation, foam presence, and surface changes.

From a methodological standpoint, the evaluation was oriented toward the quantitative measure-
ment of the performance of the trained models. For this purpose, indicators derived from confusion
matrices were considered, such as instances, true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN), together with detection metrics such as precision, recall, F1-score,
mAP@50, mAP@50-95, and AUC-ROC curves. In addition, for the lightweight detection models, the
average inference time in milliseconds per image was considered, in order to assess the computational
efficiency of the architectures. This set of metrics allowed the objective comparison of the performance
of the evaluated architectures, the analysis of their capacity to detect the visual conditions of interest,
and the identification of their strengths and limitations within a monitoring system for shrimp ponds.

3.1. Intelligent Monitoring System

The present work proposes the design and implementation of an intelligent monitoring system
based on computer vision, capable of identifying operational visual signals through YOLOv8 and
YOLOv11 models. The solution integrates an Android mobile application for image capture and
analysis, an API developed in Python with FastAPI, storage on AWS infrastructure, and an admin-
istrative web dashboard built in Angular, forming a three-layer architecture oriented toward small
and medium-sized shrimp producers. The temporal evaluation is expressed through the average
inference time per image for the lightweight models evaluated, an indicator sufficient to provide an
initial assessment of their computational efficiency within the prototype. Figure 1 summarizes the
interaction between the mobile application, the inference services, the database, and the administrative
dashboard.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Architecture of the proposed monitoring system. Authors’ own elaboration.

3.2. Technological Components and System Integration

The inference results are stored together with the operational monitoring data. The proposed
solution uses Amazon S3 for the storage of the analyzed images and PostgreSQL, on the Amazon RDS
platform, for the registration of users, ponds, assignments, monitoring records, results, and alerts. This
structure ensures traceability between each image, the associated pond, the responsible user, and the
detected visual condition.

The administrative web dashboard, developed in Angular, complements the mobile application
through modules for authentication, control panel, user management, pond management, assignments,
monitoring, and alert visualization. Service consumption is carried out through HTTP clients secured
with a JWT token. In the deployment, the mobile API was hosted on Amazon EC2, the web API
was implemented on AWS Lambda using Mangum, the frontend was published on Amazon S3 and
distributed through Amazon CloudFront, while API Gateway acted as the HTTP exposure point for
the services.

3.3. Datasets Used

The evaluation was organized into three independent visual approaches, each associated with
an operational signal of interest for shrimp pond monitoring. This methodological decision is due
to the fact that the available datasets come from different sources, present different visual domains,
non-equivalent classes, and heterogeneous annotation formats. Integrating them directly into a single
multiclass dataset could introduce biases, labeling inconsistencies, and poorly controlled comparisons
between conditions. For this reason, the datasets were treated separately in order to preserve the speci-
ficity of each approach, maintain comparable experimental conditions within each task, and evaluate
the models according to the visual difficulty of each case. Consequently, this experimental stage does
not correspond to an integrated multiclass dataset, nor does it yet demonstrate the simultaneous detec-
tion of the three signals within the same image or video stream; rather, it evaluates condition-specific
specialized detectors. Table 1 summarizes the composition and experimental partition used.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 1. Datasets used in the experimental evaluation.
Approach Classes Total Experimental split
Training Validation Test
Feed accumulation plate, shrimp 1140 765 135 240
Surface changes floater 3000 2400 300 300
Foam presence foam 362 291 35 36

3.4. Evaluated Visual Approaches

The visual approaches were defined based on observable signals that can support the inspection
of shrimp ponds. Each one was associated with a specific dataset and with a detection or segmentation
task adjusted to its visual characteristics. This separation allowed each signal to be analyzed according
to the type of annotation available and prevented differences in origin, scale, resolution, capture
environment, or class definition from affecting the interpretation of the results. Therefore, the results
per approach should be interpreted as independent evaluations; simultaneous detection would require
an integrated dataset with homogeneous annotations for feed, surface changes, and foam, or an
integration strategy for multiple detectors validated on common images.

3.4.1. Approach 1: Feed Accumulation

The feed accumulation approach refers to the visual identification of signals associated with
uneaten feed in the feeding area. In shrimp farming systems, checking the feed remaining on feeding
trays or plates is important for adjusting dosage, reducing waste, and preventing the deterioration
of water quality. However, this check is usually performed manually and may vary according to the
operator’s judgment. In addition, feed residues can be small, have irregular shapes, and blend visually
with the background or with the shrimp, which makes automatic detection difficult in aquaculture
environments. In this work, accumulation is interpreted contextually through the observation of the
feeding tray and the presence of shrimp in its immediate surroundings, as illustrated in Figure 2.

Figura 2. Example of visual detection of shrimp feed residues in a context associated with the feeding tray. Source:
Taken from Hu et al. [28].

For the feed accumulation approach, the ShrimpFarming dataset was used, oriented toward the
visual monitoring of aquaculture tanks with Penaeus vannamei [23]. The images were captured at real
RiaSearch facilities in Portugal, using a Raspberry Pi Camera Module 3 Wide positioned above the
feeding tray, under variable natural lighting conditions and at different times of day. The dataset used
contains images of 512 x 512 pixels with annotations in YOLO format for two classes: shrimp and plate.
The final configuration consisted of 765 training images, 135 validation images, and 240 test images,
with a total of 1140 images. For their analysis, the YOLOv8m-seg and YOLOv11lm-seg segmentation
models were employed, with the purpose of complementing the visual detection of the shrimp and
the feeding tray with accumulation criteria associated with the area of interest.

3.4.2. Approach 2: Surface Changes

The surface changes approach is oriented toward the detection of floating objects and visible
debris on the water surface, using inland water scenes as a reference. In the context of shrimp pond
monitoring, this type of signal can be associated with the presence of floating material, organic residues,
external objects, or surface patterns that require operational inspection. Figure 3 shows an example of
this type of visual signal.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Surface changes associated with floating objects and visible debris on bodies of water. This type of scene
can represent anomalous conditions that may be used as a reference to generate visual alerts in shrimp ponds.
Source: Taken from Qiao et al. [45].

For the surface changes approach, the IWHR_AI Lable_Floater_V1 dataset was used [45], com-
posed of inland water images featuring floating objects. This dataset allowed the representation of
visual conditions analogous to those that can be observed in shrimp ponds, such as debris, floating
material, or objects visible on the water surface. The images include variations in scale, lighting,
reflections, and background conditions, factors relevant for evaluating the generalization capacity of
the detector in heterogeneous scenes.

The original annotations, available in Pascal VOC format, were converted to YOLO format by
normalizing the coordinates of each bounding box with respect to the image dimensions. For training,
the labels were grouped into a single class, called floater, and the dataset was divided into 2400 training
images, 300 validation images, and 300 test images. Verification of the training subset confirmed 2400
label files, with no empty files, and 18,906 annotated instances, equivalent to an approximate average
of 7.9 objects per image.

For their analysis, the YOLOv8n and YOLOv11n detection models were used under comparable
conditions, with input images of 640 x 640 pixels, batches of 16 images, a fixed seed of 42, and early
stopping with a patience of 20 epochs. Due to the larger size of the dataset, the maximum training
limit was set at 100 epochs, allowing early stopping to define the effective convergence point.

3.4.3. Approach 3: Foam Presence

The foam presence approach corresponds to the identification of visible foam formations on the
water surface. In grow-out ponds, foam can appear due to the accumulation of organic matter, aeration,
water movement, presence of residues, or changes in surface characteristics. Although it does not
always represent a severe anomaly by itself, its persistence or increase can serve as a preventive signal
to review the condition of the pond. Figure 4 presents a representative example.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 4. Foam presence on the water surface, characterized by irregular regions and diffuse boundaries that
can be confused with reflections or surface textures. This condition is considered a preventive visual signal for
initiating inspection or temporal monitoring within the monitoring system. Source: Taken from Sevil [46].

For the foam presence approach, the “Ocean Surface Foam” dataset was used, obtained from
the Roboflow platform [46]. This dataset groups images with foam patterns on aquatic surfaces and
was used as a visual reference to represent surface conditions comparable to those that could be
observed in shrimp ponds. The set includes 3086 images distributed into 2681 for training, 271 for
validation, and 134 for testing, with annotations in a single class, foam, in YOLO format. For their
analysis, the YOLOv8n and YOLOv11n detection models were used, maintaining the same training
configuration applied in the surface changes approach, in order to ensure comparability between both
signals evaluated with nano-scale architectures.

3.5. Preprocessing and Experimental Configuration

Each dataset was organized separately into training, validation, and test subsets, according to
the corresponding visual approach. The annotations were adapted to the format required by YOLO,
so that each element of interest was associated with its class and its location within the image. This
organization allowed a comparable experimental structure to be maintained across the three evaluated
approaches.

For the surface changes and foam presence approaches, two detection neural networks were
trained: YOLOv8n and YOLOv11n. Nano variants were selected due to their lower computational cost
and their compatibility with lightweight inference scenarios. For the feed accumulation approach, due
to the use of the ShrimpFarming dataset and its activity annotations, YOLOv8m-seg and YOLOv11m-
seg were trained, oriented toward segmenting the plate and shrimp classes. Each architecture was
trained on the corresponding dataset under controlled conditions, in order to compare its performance
under each evaluated visual condition. A single multiclass model with the three signals was not
trained, nor was an integrated dataset evaluated in which the classes coexisted simultaneously. Table 2
presents the general training parameters.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. General training parameters.

Parameter Value

YOLOV8n and YOLOv11n for detection; YOLOv8m-seg and YOLOv11m-seg for

Compared models feed segmentation

Image size 640 x 640 px for foam and surface changes; 512 x 512 px for feed
Batch size 16 images

Maximum epochs 50 for foam and feed; 100 for surface changes

Patience 20 epochs for foam and surface changes; 15 epochs for feed

Seed 42

Precision, recall, F1-score, mAP@50, mAP@50-95, and BOX/MASK metrics accord-

Metri .
etries ing to the evaluated task

The evaluation was carried out using the test subsets defined during data preparation. For each
dataset, the results generated by the trained models were compared with the ground-truth labels of
the images, applying the same analysis criteria to ensure an equivalent assessment. Performance was
examined through model evaluation metrics such as precision, recall, and results derived from the
confusion matrix. According to the nature of each approach, bounding-box detection was considered
for the patterns visible on the water surface, and a joint evaluation of localization and segmentation was
considered for the feed accumulation condition, including the plate and shrimp classes, in accordance
with the experimental procedure described.

4. Results
4.1. Validation of the Data Used

The three datasets described in Section 3 were used as the basis for evaluating the performance
of the selected YOLO variants. The organization into independent datasets responds to the distinct
nature of each visual approach: feed accumulation as the segmentation of shrimp and feeding tray,
surface changes as the detection of floating objects, and foam presence as the identification of diffuse
surface patterns.

This separation makes it possible to avoid an aggregated interpretation that could obscure relevant
differences between tasks. The feed accumulation approach relies on instance annotations and requires
the simultaneous evaluation of localization and segmentation; the surface approach prioritizes the
detection of small or scattered objects on water; and the foam approach depends on visual regions
with less defined edges. For this reason, the results are presented individually before synthesizing the
overall behavior of the system.

4.2. Model Comparison Procedure

The comparison was performed by contrasting the predictions generated by each model with the
ground-truth annotations of the test set. For the three approaches, precision, recall, F1-score, mAP50,
and mAP50-95 were analyzed. In feed accumulation, BOX and MASK metrics were differentiated,
since these are segmentation models. In addition, confusion matrices were used to identify the main
distribution of errors, and AUC-ROC curves were employed when the structure of the dataset allowed
a stable discriminative reading.

The analysis was carried out independently for each approach. This organization avoids directly
comparing phenomena with different visual difficulties and allows the results to be interpreted
according to the operational function of each detector within the monitoring system. In monitoring
scenarios, it is not enough to know the overall mAP value: it is also necessary to identify whether the
errors correspond to omissions of relevant events, false alarms, or confusions with the background.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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4.3. Results Obtained
4.3.1. Results for the Feed Accumulation Approach

The feed accumulation approach evaluates the joint segmentation of shrimp and feeding tray
based on the ShrimpFarming dataset. In this scenario, the plate class represents the area of interest
associated with feed supply, while shrimp allows the characterization of organism presence around that
area. The analysis considers the visual context of the tray and the shrimp, which allows an assessment
of the models’ capacity to localize and segment relevant elements within the aquaculture scene.

From the perspective of shrimp farming monitoring, this formulation is relevant because the
feeding tray functions as a spatial reference for interpreting organism activity and possible feed
accumulation. Correct detection of the plate class provides stability to the system, since it defines a
constant region of interest, while segmentation of the shrimp class makes it possible to estimate the
presence of shrimp around that area. Therefore, the analysis focuses not only on the overall mAP value
but also on the distribution of errors by class, summarized in Table 3.

Table 3. Class-specific results for the feed accumulation dataset.

Model Class Inst. TP TN FP FN Prec. Rec. F1 mAP50 mAP50-95
YOLOv8m-seg plate 240 240 - 0 0 100 100 100 99.5 99.5
YOLOv8m-seg shrimp 3304 3116 - 294 188 91.38 91.38 92.82 97.3 79.3
YOLOv1lm-seg plate 240 240 - 0 0 100 100 100 99.5 99.5
YOLOv1lm-seg shrimp 3304 3141 - 295 163 9141 95.07 93.2 97.0 80.1

Note: Inst.: instances; Prec.: precision; Rec.: recall. Interpretation of the model’s confusion matrix based on BOX metrics. Authors’
own elaboration.

The confusion matrices in Figure 5 show that both models correctly identified all instances of
plate, with no false positives or false negatives for this class. Confusions are concentrated in the shrimp
class, mainly due to the visual similarity between small organisms, background, and overlapping
areas. YOLOv11lm-seg reduced the number of shrimp false negatives compared to YOLOv8m-seg,
although both models maintained high performance.

This behavior suggests that the plate class is visually stable and easily separable from the back-
ground under the dataset conditions, whereas shrimp represents a more demanding task. In practice,
false negatives for shrimp could lead to an underestimation of activity around the tray, while false
positives could produce an overestimated reading of organism presence. Nevertheless, F1-score values
above 92% for shrimp indicate that both models maintain an adequate balance between precision and
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Figure 5. Confusion matrices for the feed accumulation dataset.
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In the BOX evaluation, precision and recall values close to 1 indicate that the models identified
most of the relevant objects and generated few incorrect detections. Precision reflects how reliable
the detections made were, while recall shows the proportion of present objects that were found. In
this case, both models exceeded 0.96 in these metrics, evidencing stable behavior in locating shrimp
and feeding trays through bounding boxes. In addition, mAP50 values above 0.98 indicate that the
detections adequately matched the ground-truth annotations when a moderate overlap criterion was
applied; in contrast, mAP50-95, close to 0.90, shows that performance decreases slightly when a more
precise localization is required.

The MASK evaluation analyzes not only whether the object was detected, but also how accurately
its shape was delineated. Therefore, although mAP50 remains above 0.98, mAP50-95 decreases to
values close to 0.81. This difference means that the models correctly recognize the objects but have
greater difficulty accurately tracing their contours under stricter criteria. This situation is expected
for the shrimp class, because the organisms may appear overlapped, with elongated shapes, small
sizes, and poorly defined edges. Overall, the results show that the approach is reliable for locating the
region of interest and detecting the presence of organisms, although fine-grained shrimp segmentation
remains the most demanding component.

From an operational perspective, these results show that the feed accumulation approach is the
most stable scenario in the study, mainly due to the presence of the feeding tray as a constant visual
reference. In the plate class, both models achieved maximum performance, so no practical difference is
observed between architectures. In the shrimp class, the bootstrap analysis of the F1-score showed a
mean of 0.8941 for YOLOv8m-seg and 0.9025 for YOLOv11m-seg; furthermore, the 95% confidence
interval for the YOLOv11-YOLOVS difference was [0.0025, 0.0147], not including zero. This indicates a
statistically significant advantage of YOLOv11m-seg for shrimp detection in this test set. Even so, this
reading should be taken with caution, since the images come from a controlled environment and do
not by themselves confirm the presence of residual feed in real shrimp ponds.

Figure 6 shows the bootstrap distribution of the F1-score for the shrimp class. Each bar represents
the frequency with which a given Fl-score was obtained when resampling the test set, while the
black line indicates the estimated mean Fl-score for each model and the dotted lines delimit the
95% confidence interval. For YOLOv8m-seg, the distribution is concentrated around 0.8941, with
an interval from 0.8856 to 0.9016; for YOLOv11m-seg, the concentration shifts toward 0.9025, with
an interval from 0.8944 to 0.9107. This means that, when resampling is repeated, YOLOv11lm-seg
tends to obtain slightly higher Fl-score values for the shrimp class. In addition, the confidence
interval for the difference between the models was positive and did not include zero, supporting a
statistically significant improvement in this test set. However, because the distributions still overlap,
the improvement should be interpreted as a limited advantage for this class, rather than as general
superiority across all scenarios.
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Figure 6. Bootstrap distribution of the F1-score for the shrimp class in the feed accumulation dataset.
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For this dataset, the interpretation of mAP50 is prioritized, since this metric makes it possible
to assess whether the detections adequately match the ground-truth annotations under a moderate
overlap criterion. As shown in Figure 7, both models rapidly improve their performance during the
first epochs and then remain at values close to 0.98. This behavior indicates that learning stabilizes
early and that improvements between epochs are limited after the first iterations. Therefore, the
interpretation should not rely solely on the mAP50 curve, but also on the class-specific analysis and
bootstrap estimation, which make it possible to assess whether the observed differences between
models have statistical support.

mAP50 Evolution During Training — YOLOv8m vs YOLO1l1lm
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Figure 7. Evolution of mAP50 during model training on the feed accumulation dataset.

4.3.2. Results for the Surface Changes Approach

The surface changes approach evaluates the detection of visible objects or debris on the water
surface using a dataset oriented toward floating elements. In this scenario, the floater class represents
visual signals that may be associated with debris, floating bodies, or elements unrelated to the normal
behavior of the crop. The analysis focuses on assessing the models” ability to localize these patterns
through bounding boxes, given that their shape, size, and position can vary across images.

From the perspective of shrimp farming monitoring, this formulation is relevant because visible
changes on the surface can serve as early signals of conditions requiring operator review. Accurate
detection of the floater class makes it possible to identify areas where objects or debris appear on
the water surface, providing useful information for prioritizing pond inspection. Accordingly, the
analysis focuses on model evaluation metrics and on the distribution of correct and incorrect detections
summarized in Table 4.

The final evaluation of this approach was performed on the test set, comprising 300 images and
2344 annotated instances of the floater class. In this case, the main challenge lies in recognizing small or
scattered objects that can be confused with reflections, ambiguous debris, or texture variations. Unlike
the feed accumulation approach, where a more clearly defined reference zone exists, here the models
must localize visual signals with variable shapes, sizes, and positions. For this reason, even small
differences in recall and mAP50 are relevant, as higher sensitivity may favor the early detection of
visible changes on the water surface.

Table 4. Results of YOLOv8n and YOLOv11n on the surface changes dataset.

Model Class Inst. VP VN FP FN Prec. Rec. F1 ~mAP50 mAP50-95 ms/img
YOLOv8n floater 2344 1993 - 475 351 80,75 85,03 82,83 88,4 64,1 4,1
YOLOvlln floater 2344 1988 - 478 356 80,62 84,81 82,66 88,5 64,1 3,9

Note: Inst.: instances; Prec.: precision; Rec.: recall; ms/img: average inference time per image. Interpretation of the confusion
matrices for the YOLOv8n and YOLOv11ln models. Authors’ own elaboration.
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The overall metrics show favorable performance for surface-change detection. YOLOv8n achieved
an mAP50 of 88.4% and an mAP50-95 of 64.1%, while YOLOv11n obtained 88.5% and 64.1%, respec-
tively. The 0.1 percentage point difference in mAP50 is very small at the descriptive level and should
not, by itself, be interpreted as a conclusive improvement. This result should be read in light of the
full set of metrics: YOLOVS8n retains slightly higher precision, recall, and Fl-score values, whereas
YOLOvV11n achieves a marginally higher mAP50 and a slightly lower inference time, at 3.9 ms/img
compared to 4.1 ms/img.

Figure 8 presents the bootstrap distribution of the Fl-score for the surface-change approach.
YOLOv8n obtained a mean F1-score of 0.8699, with an interval of 0.8482 to 0.8914, while YOLOv11ln
achieved 0.8689, with an interval of 0.8472 to 0.8894. These values show very close and largely
overlapping distributions. Moreover, the confidence interval for the YOLOv11-YOLOvVS difference
was [-0.0101, 0.0080], which includes zero; therefore, the difference between the two models cannot be
considered statistically significant for this test set. In practical terms, both models exhibit very similar
performance, and the choice between them may be based on operational criteria such as inference
speed or false-alarm control.
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Figure 8. Bootstrap distribution of the F1-score for the surface changes dataset.

From an operational perspective, these results indicate that the models generally recognize the
presence of floating objects or alterations on the water surface, although localization is not always
equally precise when greater overlap between the predicted and ground-truth boxes is required. This
explains the difference between mAP50 and mAP50-95: the detector may correctly identify the visual
event, but the bounding box may not fully match its actual edges. For an early warning system, this
behavior is useful, since the main objective is to alert the operator to the presence of a visible alteration
in the pond and to guide subsequent inspection.

The confusion matrices in Figure 9 confirm that both models exhibit a very similar error distribu-
tion. YOLOv8n recorded 1993 true positives and YOLOv11n 1988, a small difference relative to the
2344 instances evaluated. The false positives and false negatives indicate that the main challenge lies
not only in recovering floating objects but also in distinguishing them from reflections, ambiguous
debris, or surface water textures.
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Figure 9. Confusion matrices for the surface changes dataset.

Overall, these results show that the surface changes approach can function as an early warning
mechanism to signal the presence of floating objects or alterations in the pond. The difference between
mAP50 and mAP50-95 suggests that the models generally detect the visual event, although the
bounding box does not always precisely fit its edges when a stricter overlap criterion is applied. From
an operational standpoint, this behavior is acceptable, since the main purpose of the system is to alert
the operator to a visible condition requiring review, rather than to delimit the object with perfect
accuracy. In this scenario, YOLOv11n is competitive for frequent inference or deployment with limited
computational resources, whereas YOLOv8n may be preferable when the goal is to slightly reduce false
alarms. In both cases, detections should be interpreted as events subject to confirmation, particularly
in the presence of intense reflections, shadows, or high contrast surface textures.

Figure 10 presents the AUC-ROC curves obtained for the surface changes analysis using YOLOv8n

and YOLOv11n.
AUC-ROC Curve - Surface Change AUC-ROC Curve - Surface Change

10 1 10 J

0.8 e 0.8
® T
S S
@ 7
@ @
~ 0.6 ~ 0.6 1
o @
K] ®
a «
o o
z z
8 o041 B oaq
@ )
5 S
= =

0.2 e 0.2

. = YOLOv8n - floater AUC = 0.934 /,"’ = YOLOv11n - floater AUC = 0.932
0.0+ ---- Random classifier 0.0+ ---- Random classifier
T U T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate
(a) YOLOv8n (b) YOLOv1in

Figure 10. AUC-ROC curves for the surface changes dataset.

The AUC-ROC curves confirm high discriminative capacity in both models, with values of 0.934
for YOLOv8n and 0.932 for YOLOv11n. This difference is minimal and follows the same trend observed
in the overall metrics, where both models showed practically equivalent results for detecting visible
changes on the water surface.

4.3.3. Results for the Foam Presence Approach

The foam presence approach evaluates the models” ability to identify visible foamy regions on the
water surface. In the context of shrimp farming monitoring, this signal can function as a preventive
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indicator, as its appearance or persistence may be related to the accumulation of organic matter,
aeration, water movement, or changes in the surface conditions of the pond. Unlike floating objects,
foam does not always present a stable shape or clearly defined edges, meaning its detection requires
distinguishing irregular patterns that can be confused with reflections, glare, or wave action.

Table 5 summarizes the performance of YOLOv8n and YOLOv11n on the test set. This subset
consisted of 36 images and 9951 annotated instances, after reorganizing the dataset at the scene level
and unifying the labels into the foam class. YOLOv8n achieved slightly higher values in precision,
recall, F1-score, mAP50, and mAP50-95, although the differences with respect to YOLOv11ln were
small. Therefore, the interpretation of the table should consider not only the mAP value but also the
balance between false detections and omissions, since foam can be confused with reflections, glare,
wave action, or similar surface textures.

Table 5. Results of YOLOv8n and YOLOv11n on the foam presence dataset.

Model Class  Inst. VP VN FP FN  Prec. Rec. F1 mAP50 mAP50-95 ms/img
YOLOv8n foam 9951 7843 - 2322 2108 77,16 78,82 77,98 76,7 58,8 21,2
YOLOvlln  foam 9951 7818 - 2358 2133 7683 7856 77,69 75,8 58,4 17,8

Note: Inst.: instances; Prec.: precision; Rec.: recall; ms/img: average inference time per image. Interpretation table of the
confusion matrices for the YOLOv8n and YOLOv11n models. Authors” own elaboration.

The results in Table 5 show that foam detection was more challenging than the previous ap-
proaches. YOLOvVS8n correctly identified 7843 instances, with 2322 false positives and 2108 false
negatives, while YOLOv11n recorded 7818 true positives, 2358 false positives, and 2133 false negatives.
The similarity between the two models indicates that there is no marked difference between archi-
tectures; rather, the main difficulty stems from the visual nature of foam, characterized by irregular,
overlapping regions with poorly defined edges.

The Fl-score of approximately 78% in both cases reflects a moderate balance between precision
and recall. This means that the models are able to detect a substantial proportion of foamy regions, but
still produce a relevant number of errors. False positives may arise when reflections, surface glare,
or wave action present textures similar to foam, whereas false negatives may occur when foam is
fragmented, of low density, or has low contrast relative to the water. Therefore, in an operational
implementation, these detections should be treated as preliminary alerts and could be reinforced
through temporal rules, such as confirming the presence of foam across several consecutive frames.
Figure 11 shows the distribution of these errors for both models.
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Figure 11. Confusion matrices for the foam presence dataset.

The detection metrics show small differences between the two architectures. YOLOv8n obtained
an mAP50 of 0.767 and mAP50-95 of 0.588, while YOLOv11n achieved 0.758 and 0.584, respectively. In

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202607.1749.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 July 2026 d0i:10.20944/preprints202607.1749.v1

16 of 23

descriptive terms, YOLOvVS8n retains a slight advantage in detection accuracy, but YOLOv11n showed
a shorter inference time, at 17.8 ms/img compared to 21.2 ms/img for YOLOv8n. Therefore, model
selection depends on the operational criterion: prioritizing a slight improvement in detection accuracy
or favoring a faster response for frequent monitoring.

Figure 12 presents the bootstrap distribution of the Fl-score for the foam-presence approach.
YOLOvV8n obtained a mean F1-score of 0.7723, with a 95% confidence interval between 0.7588 and
0.7832, while YOLOv11n achieved a mean Fl-score of 0.7808, with an interval between 0.7713 and
0.7900. Although YOLOv11n shows a slightly higher mean, the confidence interval for the YOLOv11-
YOLOvS difference was [-0.0021, 0.0214], which includes zero. Therefore, the difference cannot be
considered statistically significant for this test set. This result reinforces that foam is a difficult visual
signal: small variations in texture, glare, and density can affect the F1-score, meaning that detections
should be interpreted as preliminary alerts rather than definitive automatic decisions.
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Figure 12. Bootstrap distribution of the F1-score for the foam presence dataset.

In the AUC-ROC analysis, YOLOvS8n achieved a value of 0.707 and YOLOv11n obtained 0.691,
as shown in Figure 13. These values lie above the random classifier baseline and reflect moderate
discriminative capacity for foam presence. The difference between models was small but favored
YOLOvVS8n. This behavior is consistent with the visual difficulty of the phenomenon, characterized by
dense, overlapping regions with poorly defined edges.

From the perspective of shrimp farming monitoring, these results show that foam detection is the
most complex scenario and should be interpreted as a preliminary alert rather than a definitive auto-
matic decision. Unlike a floating object or the feeding tray, foam does not always have clear boundaries
and can be confused with reflections, surface glare, wave action, or water textures. Accordingly, the
moderate mAP and AUC-ROC values indicate that the model identifies relevant patterns but still
retains a significant proportion of false positives and false negatives. In a real world implementation,
this detector should be combined with temporal rules, for example, confirming the presence of foam
across several consecutive frames before triggering a higher priority alert.
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Figure 13. AUC-ROC curves for the foam presence dataset.
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4.4. General Comparison of Results

Table 6 summarizes the main indicators obtained across the three approaches. Overall, the

results show that the scenarios present different levels of difficulty. Feed accumulation achieved high

values with the segmentation models, particularly for the plate class; surface changes showed the best

performance among the lightweight detection models; and foam presence maintained moderate values

due to the visual complexity of dense and diffuse regions.

Table 6. Comparative summary of results by approach.

Approach Model mAP50 mAP50- AUC-ROC ms/img
95
Feed accumulation (BOX) YOLOvV8m-seg 0.982 0.897 Not -
defined for
plate
Feed accumulation (BOX) YOLOv1lm-seg 0.985 0.898 Not -
defined for
plate
Feed accumulation (MASK) YOLOv8m-seg 0.982 0.810 Not -
defined for
plate
Feed accumulation (MASK) YOLOv1lm-seg 0.986 0.817 Not -
defined for
plate
Surface changes YOLOv8n 0.884 0.641 0.934 4,1
Surface changes YOLOv1ln 0.885 0.640 0.932 3,9
Foam presence YOLOv8n 0.767 0.588 0.707 21,2
Foam presence YOLOv1ln 0.758 0.584 0.691 17,8

The joint reading of the results shows that each approach presents a different level of difficulty.

Feed accumulation achieved the highest performance, largely due to the presence of a visually well-

defined class such as the feeding tray. Surface changes also showed favorable performance, although

with greater exposure to false detections caused by reflections, ambiguous debris, or water textures.

Foam presence, in contrast, was the most complex scenario, as its regions tend to be irregular, diffuse,

and visually similar to surface glare or wave action. Therefore, the interpretation of the results

should take into account the visual nature of each condition, rather than relying solely on numerical

comparisons between architectures.
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In terms of application, these results support the feasibility of the system as a support tool for
prioritizing inspections, recording relevant visual events, and generating early alerts. However, they
also show that detections should not be assumed as definitive automatic decisions, but rather as signals
requiring confirmation by the producer or responsible technician. Furthermore, validation using
images captured directly in real shrimp ponds remains necessary to verify the system’s performance
under diverse production conditions, including variations in lighting, turbidity, reflections, and surface
water dynamics.

5. Discussion
5.1. Interpretation of the Results Obtained

The results obtained demonstrate that YOLO models constitute a viable alternative for incorpo-
rating computer vision into shrimp farming monitoring systems. Beyond the numerical comparison
between metrics, the behavior of each approach should be analyzed in relation to the visual nature of
the signal being evaluated, the size of the objects, the definition of their edges, the variability of the
background, and the degree of similarity between the class of interest and the aquatic environment.
For this reason, the discussion focuses on explaining why the models responded differently to each
condition and what implications this behavior has for an operational alert system.

The comparison between YOLOv8 and YOLOv11 was carried out under homogeneous training
configurations within each approach, keeping the data partition, input size, batch size, seed, and
main training parameters constant. This experimental condition allows the observed differences to be
interpreted as an effect of each architecture’s behavior with respect to the visual signal being evaluated.

In the feeding condition, the best performance can be explained by the presence of a more
structured scene and by the existence of a relatively stable visual reference: the feeding tray. The plate
class exhibits more consistent shape, size, contrast, and location than the other visual signals evaluated,
which facilitates its separation from the background and reduces ambiguity during detection. This
stability allows the model to learn more repeatable visual features and generate predictions with lower
dispersion. In practical terms, this condition is favorable for monitoring, as the tray functions as a
visual anchor point for interpreting activity or accumulation around a specific area. In contrast, the
shrimp class accounted for most of the errors, owing to the organisms’ small size, overlap between
individuals, posture variations, and chromatic similarity to the background. This difference confirms
that the interpretation of the approach should be carried out on a per-class basis rather than relying
solely on global averages.

These findings can be compared with previous studies focused on detecting residual feed in
aquaculture. Real-time detection of uneaten pellets in underwater images using an improved YOLOv4
network, as well as the identification of uneaten feed with an enhanced YOLOV5 variant, constitute
direct precedents for this task [29,30]. Similarly, feed waste detection in shrimp farming using YOLO
and the development of a lightweight model for shrimp feed residues demonstrate the applicability
of this model family to shrimp farming scenarios [27,28]. Compared with these works, the present
proposal integrates visual analysis within a mobile/web architecture that includes storage, traceability,
and an administrative dashboard.

In the surface condition, YOLOv8n and YOLOv11n showed similar performance, with YOLOv11n
showing a slight advantage in mAP50 and a shorter inference time. This improvement can be explained
by a better trade-off between representational capacity and computational cost in the YOLOv11n vari-
ant, which allows it to maintain competitive localization with fewer parameters and lower complexity.
In tasks involving small or scattered floating objects, a more efficient architecture may favor gener-
alization when the visual differences between the object, reflections, and water texture are subtle.
Nevertheless, the observed advantage was small and should not be interpreted as absolute superiority,
but rather as a favorable trend when frequent inference and deployment under limited computational
resources are prioritized.
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For its part, YOLOv8 maintains competitive performance and, in some indicators, a slightly more
conservative behavior with respect to false detections. In the surface-change condition, YOLOv8n
achieved marginally higher precision, recall, and F1-score values, suggesting a somewhat more stable
response when the operational objective is to reduce false alarms without sacrificing event recovery.
This characteristic is relevant in shrimp ponds, where reflections, shadows, or ambiguous debris can
trigger unwanted detections. YOLOvS8 should therefore not be regarded as an architecture surpassed
by YOLOv11, but rather as a robust alternative when predictive stability, false-positive control, and
consistency in visually noisy scenarios are prioritized.

The detection of surface changes is more complex than the detection of the feeding tray, as floating
objects do not have a fixed shape or location. In addition, they may appear partially covered, at
variable scales, or mixed with glare, shadows, and wave patterns. These factors explain why the
models identify the presence of the visual event more easily than they delimit its exact boundaries.
From an operational standpoint, this behavior remains useful, since the system’s objective is to generate
an early visual alert and guide the operator’s inspection, rather than to produce a perfectly precise
geometric delimitation of the debris or floating object.

In the foam condition, performance was lower than that observed in the other tasks because foam
does not behave as a rigid object nor present clearly defined geometric boundaries. Unlike the feeding
tray or certain floating objects, foam can fragment, merge with other regions, vary in density, and
adopt irregular patterns within a single image. Its edges tend to be diffuse, and its texture can be
confused with reflections, surface glare, turbulence, or wave action. This affects both classification and
localization, as the model must determine whether a given region truly corresponds to foam or to a
normal variation of the water surface. Consequently, the problem does not consist solely of detecting a
class, but of visually separating a diffuse condition from other natural surface patterns in the pond.

The slight advantage of YOLOvS8n in the foam condition is particularly relevant to the discussion,
as it shows that the most recent version does not necessarily improve performance across all visual
signals. For this dataset, YOLOv8n was able to better preserve certain local texture details or respond
more sensitively to dense, irregular regions, which is reflected in its higher mAP50, mAP50-95, and
AUC-ROC values relative to YOLOv11n. In contrast, YOLOv11n maintained very similar performance
with a shorter inference time, making it attractive for frequent monitoring despite its slightly lower
mAP50. Consequently, the difficulty associated with foam detection is not primarily explained by a
limitation of a specific architecture, but rather by the visual ambiguity of the phenomenon itself. This
condition should therefore be interpreted as a preventive signal within the alert system, where the
temporal persistence of detections can provide greater reliability than a single, isolated prediction.

The comparison between YOLOvV8 and YOLOv11, therefore, does not reveal a single overall
winner across all conditions. YOLOvV11 offers efficiency advantages and shorter inference times among
the lightweight models evaluated, while YOLOVS retains highly competitive performance and may be
more favorable when the visual signal demands greater sensitivity to texture or when the goal is to
reduce false alarms. This finding is important for the proposed system, as model selection depends
not only on mAP but also on the type of signal, the computational cost, and the operational alerting
criterion.

Overall, the results show that the differences between approaches reflect a hierarchy of visual
complexity. Feed detection performs best due to the presence of a stable reference and classes with
more consistent patterns; surface changes present intermediate difficulty owing to the variability
of objects and backgrounds; and foam represents the most challenging case because of its diffuse,
deformable nature and its visual similarity to other water patterns. This interpretation allows the
results to be understood beyond their numerical values and guides the operational use of each detector
within the prototype.

5.2. Study Limitations

A significant limitation concerns the use of public datasets of heterogeneous sizes. Although the
test set for the feeding condition contains 240 images and provides a consistent basis for comparing
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segmentation models, its scenes originate from tanks rather than from open shrimp ponds in Guayas.
Similarly, the other datasets represent useful visual signals but do not substitute for local validation
under real production environments. Furthermore, the three signals were evaluated using independent
sets and training processes, meaning that the study does not yet demonstrate a simultaneous detector
based on an integrated, multiclass dataset. Regarding temporal performance, the study reports the
average per-image inference time for the lightweight surface and foam models, allowing an initial
assessment of their computational feasibility within the prototype. Accordingly, a subsequent stage
should incorporate images captured directly in the field, under different environmental conditions,
times of day, turbidity levels, and operational states, and build an integrated dataset that enables the
joint training or validation of feed, surface-change, and foam detection.

5.3. Implications for Shrimp Farming Monitoring

Another aspect to consider is technological integration. Although the prototype includes a mobile
application, an API, a database, and a web dashboard, its deployment in real-world environments will
require strengthening security mechanisms, credential management, user control, alert traceability,
and connectivity stability. These improvements are necessary to advance from an academic prototype
toward an operational solution.

6. Conclusions

This article presents a prototype of an adaptive intelligent system for the visual monitoring of
shrimp ponds using computer vision. The proposed system integrates a mobile application, processing
services, results storage, and an administrative web dashboard, with the aim of recording visual
events, organizing monitoring traceability, and facilitating alert visualization. In this sense, the main
contribution of this work is not limited to the use of detection models, but extends to the integration of
a functional workflow for capturing images, analyzing them, storing the results, and presenting them
in a useful manner for the operational monitoring of the pond.

The results obtained show that the evaluated YOLO models are able to differentiate visual signals
of operational interest, with performance levels consistent with the complexity of each condition.
In feed accumulation, the segmentation models achieved mAP50 values above 0.98 for both BOX
and MASK, with the plate class standing out as a stable visual reference. For the shrimp class, the
bootstrap analysis of the F1-score showed a statistically significant advantage of YOLOv11m-seg over
YOLOv8m-seg, with a 95% confidence interval for the difference of [0.0025, 0.0147]. In surface changes,
YOLOvV8n and YOLOv11n achieved mAP50 values of 0.884 and 0.885, respectively, and AUC-ROC
values above 0.93; however, the Fl1-score bootstrap analysis indicated that the difference between
architectures was not statistically significant, meaning that both models offer solid performance for
detecting floating objects or alterations on the water surface.

Foam presence constituted the most demanding visual scenario, yet the models maintained useful
results for an alert system, with mAP50 values of 0.767 for YOLOv8n and 0.758 for YOLOv1ln. The
bootstrap analysis showed a mean F1-score of 0.7723 for YOLOv8n and 0.7808 for YOLOv11n, with a
non-significant difference between architectures, confirming that the main difficulty stems from the
visual nature of foam rather than from an isolated limitation of a specific model. From a computational
standpoint, the reported inference times show favorable behavior for frequent monitoring: in surface
changes, 4.1 ms/img was obtained with YOLOv8n and 3.9 ms/img with YOLOv11n, while in foam
detection, 21.2 ms/img and 17.8 ms/img were recorded, respectively. Overall, these results support
the usefulness of the prototype as a technological tool to assist visual inspection, prioritize events, and
strengthen the operational management of shrimp ponds through traceable visual alerts.
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