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Abstract

The development of reliable computer vision systems for poultry slaughterhouses requires
robust segmentation methods capable of handling challenging industrial conditions. This
study evaluated the structural behavior, computational performance, and consistency of
three segmentation pipelines for broiler chicken carcass inspection: (i) an edge-based ap-
proach using Canny detection and morphological operations, (ii) a threshold-based method
using global binarization and contour extraction, and (iii) a deep learning-based approach
for automatic background removal implemented with the rembg library. A dataset of
587 RGB images acquired in commercial slaughterhouses was analyzed. Segmentation
performance was assessed using Intersection over Union, Dice coefficient, Overlap Er-
ror, Structural Similarity Index, Edge Preservation Index, and Fisher Discriminant Ratio,
complemented by qualitative analyses of discordance maps and Sobel edge visualiza-
tions. Results showed that overlap-based metrics alone were insufficient, as high IoU and
Dice values often concealed important boundary differences. Classical methods exhibited
lower computational cost and processing times compatible with real-time applications but
presented limitations in contour stability. The deep learning-based approach generated
more continuous and structurally coherent boundaries, although at higher computational
cost. These findings demonstrate that segmentation methods produce distinct structural
representations that can directly affect the reliability of artificial intelligence systems for
poultry inspection.

Keywords: image segmentation; poultry inspection; computer vision; industrial image
acquisition; deep learning; computational performance; structural consistency; food safety

1. Introduction

The poultry industry has undergone substantial technological transformation over
recent decades, driven by increasing demands for food safety, operational efficiency, trace-
ability, and process automation [1,2]. Despite these advances, post-mortem inspection in
commercial slaughterhouses still relies predominantly on manual evaluation performed
by trained inspectors responsible for identifying contamination, lesions, carcass defects,
and other sanitary abnormalities [3]. Although effective, manual inspection procedures
are inherently susceptible to subjectivity, operator fatigue, variability in decision-making,
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and limitations associated with high-speed processing lines, particularly in large-scale
industrial environments [4].

In this context, the incorporation of computer vision systems and artificial intelligence
technologies into poultry processing lines has gained increasing attention as part of the
broader transition toward Industry 4.0 and smart food production systems [5]. Automated
inspection approaches have the potential to improve standardization, reduce human-related
variability, enhance operational throughput, and support more reliable decision-making
processes in industrial environments [6]. Furthermore, machine vision systems enable
continuous, non-contact inspection procedures that may contribute to reducing cross-
contamination risks while improving traceability and quality control [7,8].

However, the implementation of reliable computer vision systems in poultry slaugh-
terhouses remains challenging due to the complexity of industrial acquisition conditions.
Factors such as illumination variability, reflections caused by surface moisture, hetero-
geneous backgrounds, rapid carcass movement, overlapping anatomical structures, and
operational constraints directly interfere with image quality and compromise the stability
of subsequent image processing stages [9]. Unlike controlled laboratory datasets, industrial
acquisition environments introduce substantial visual variability, requiring segmentation
pipelines capable of maintaining structural consistency under adverse conditions.

Within computer vision systems, image segmentation represents one of the most
critical stages of the processing pipeline, since it defines the spatial representation of the
region of interest that will subsequently be used for feature extraction, quantitative analysis,
and artificial intelligence-based classification [10]. Inadequate segmentation may introduce
background artifacts, contour distortions, and inconsistencies in object representation,
directly affecting the quality and reliability of downstream analytical procedures. In
industrial poultry inspection, segmentation inaccuracies may compromise the identification
of contamination, lesions, and pathological alterations, ultimately affecting food safety and
inspection reliability.

The importance of segmentation extends beyond simple object isolation. Different
segmentation pipelines may generate substantially distinct structural representations of the
same object, even when overlap-based similarity metrics indicate apparently satisfactory
agreement. Variations in contour continuity, edge localization, and region homogeneity may
influence the extraction of morphological, spectral, and textural features commonly used in
machine learning and deep learning models. Consequently, segmentation quality should
be evaluated by considering spatial overlap, structural consistency, boundary preservation,
computational feasibility, and performance under real acquisition conditions [11].

Over the years, a wide range of segmentation strategies has been proposed for indus-
trial and agricultural computer vision applications, including threshold-based approaches,
edge-detection methods, clustering techniques, region-growing algorithms, and, more
recently, deep learning-based architectures [10,12]. Classical segmentation approaches
are generally computationally efficient and relatively easy to implement, making them
attractive for real-time industrial applications. Nevertheless, these methods often show
limited performance under conditions involving non-uniform illumination, low contrast,
reflections, and heterogeneous backgrounds [13].

In parallel, deep learning-based segmentation methods have demonstrated substan-
tial advances in image analysis tasks by learning hierarchical and context-aware feature
representations directly from data [14]. Background removal approaches based on salient
object detection and semantic segmentation have also gained attention as preprocessing
strategies capable of isolating foreground regions while suppressing irrelevant contextual
information [15]. Despite these advances, deep learning methods often require substantially
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higher computational resources and may exhibit limited generalization capability when
exposed to industrial conditions different from those represented during training [16].

Most studies involving segmentation evaluation focus primarily on overlap-based
metrics, such as Intersection over Union and Dice coefficient, frequently emphasizing
segmentation agreement while overlooking differences in contour representation and
structural consistency [17,18]. However, in industrial inspection scenarios, accurate bound-
ary delineation is particularly relevant because subtle contour variations may directly
affect feature extraction and subsequent classification stages. Therefore, complementary
analyses involving edge-sensitive metrics and qualitative spatial evaluation become es-
sential for understanding the operational behavior of segmentation pipelines under real
acquisition conditions.

In this context, the present study investigates the structural and computational behav-
ior of different image segmentation pipelines applied to broiler chicken carcass inspection
under complex industrial acquisition conditions. Rather than establishing a universally
optimal segmentation method, the objective of this work is to analyze how different seg-
mentation strategies behave regarding structural consistency, boundary representation,
computational efficiency, and inter-method variability in real slaughterhouse environments.
Three segmentation pipelines were evaluated, including edge-based, threshold-based, and
deep learning-based approaches, using RGB images acquired under operational industrial
conditions. The study combines quantitative metrics, edge-sensitive analyses, computa-
tional evaluation, and qualitative visualization strategies to provide a more comprehensive
assessment of segmentation behavior and its potential implications for downstream artifi-
cial intelligence applications.

2. Materials and Methods

The experimental workflow included image acquisition, preprocessing, segmentation,
binary mask generation, pairwise structural comparison between methods, and quantitative
and qualitative evaluation of segmentation consistency. The complete experimental pipeline
adopted in this study is illustrated in Figure 1.
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Figure 1. Graphical overview of the proposed image segmentation pipeline for broiler carcass inspection.

The study was conducted between May and November 2024 at the Department of
Biosystems Engineering (ZEB) of the Faculty of Animal Science and Food Engineering
(FZEA), University of Sao Paulo (USP), Fernando Costa campus, located in Pirassununga,
Sao Paulo, Brazil. Computational analyses were performed at the Laboratory of Agricul-
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tural Machinery and Precision Agriculture (LAMAP), with additional support from the
Laboratory of Technology and Information Systems (LTSI).

2.1. Image Acquisition

Image acquisition was carried out in two poultry slaughterhouses located in the
municipalities of Pirassununga and Holambra, Sao Paulo, Brazil, with prior authorization
from the technical managers responsible for each facility. One facility was a commercial
poultry slaughterhouse (Holambra Alimentos), operating under Federal Inspection Service
(SIF) supervision. The second was the Frigorifico-Escola of the University of Sao Paulo
(USP), a teaching and research slaughterhouse registered with the Sao Paulo State Inspection
Service (SISP), where practical activities and animal product processing are conducted.
All acquisition procedures were performed under routine operating conditions and under
the supervision of a licensed veterinarian to ensure compliance with biosafety regulations,
hygiene protocols, and official sanitary inspection standards.

To provide controlled yet operationally realistic acquisition conditions, a dedicated
acquisition structure was developed using stainless steel components compatible with
industrial hygienization procedures. The acquisition system allowed fixed camera posi-
tioning and standardized image capture while preserving the environmental variability
naturally present in slaughterhouse facilities. During acquisition, carcasses were indi-
vidually positioned in dorsal decubitus orientation under naturally varying illumination
conditions representative of real industrial operation scenarios.

RGB images were acquired using a Sony Cyber-shot DSC-HX1 digital camera (Sony
Group Corporation, Tokyo, Japan) with a spatial resolution of 1280 x 720 pixels. A total of
587 images were collected, including 260 contaminated carcasses presenting visible fecal
contamination and 327 non-contaminated carcasses. Sample classification was performed
through expert visual inspection conducted by a trained veterinarian, who confirmed the
presence or absence of contamination in each sample prior to computational analysis.

The evaluation was also stratified according to contamination status because contami-
nated and non-contaminated carcasses may exhibit visual differences that influence image
segmentation. The presence of contamination can modify color, texture, contrast, and
local edge definition, potentially affecting foreground-background separability. Therefore,
the grouping was based primarily on visual characteristics associated with contamina-
tion rather than differences in background complexity. This analysis was also considered
relevant because segmentation quality may influence subsequent image analysis stages,
including feature extraction and classification.

Industrial acquisition conditions introduced several sources of variability into the
dataset. Due to hygienic requirements associated with slaughterhouse operation, the acqui-
sition surface required continuous cleaning throughout the collection process, resulting in
the presence of water residues and reflective regions that occasionally introduced visual
artifacts into the images. Additionally, infrastructure limitations associated with humid
industrial environments restricted the use of auxiliary illumination systems because of
electrical safety concerns. Therefore, images were acquired under the naturally varying
illumination conditions of the commercial slaughterhouses, without controlling or mea-
suring light intensity. Combined with rapid operational routines and carcass positioning
variability, these conditions generated a heterogeneous acquisition scenario representative
of real industrial poultry inspection environments.

2.2. Image Preprocessing

The use of RGB imaging was motivated by its practical applicability in industrial envi-
ronments and compatibility with real-time computer vision systems commonly employed
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in automated inspection procedures. Prior to segmentation, all images underwent a prepro-
cessing stage aimed at reducing acquisition variability, standardizing image dimensions,
and improving structural consistency for subsequent segmentation operations.

Initially, all images were resized to a fixed spatial resolution of 800 x 600 pixels in
order to ensure dimensional uniformity across samples and reduce computational cost
during processing. Subsequently, RGB images were converted to grayscale to support
intensity-based segmentation operations and edge extraction procedures.

To attenuate high-frequency noise and reduce local intensity fluctuations caused by
reflections and surface moisture, Gaussian filtering was applied using a 7 x 7 convolution
kernel. This preprocessing stage contributed to smoothing local image variations while
preserving the global structural organization of the carcasses, improving contour continuity
and region homogeneity for subsequent segmentation procedures. The preprocessing
operations described in this section were implemented directly within the computational
pipeline developed for this study.

2.3. Segmentation Pipelines

Three distinct segmentation pipelines were evaluated in order to investigate different
computational strategies for carcass extraction under industrial acquisition conditions.
The selected approaches represent classical edge-based and threshold-based segmentation
methods, as well as a deep learning-based background removal strategy.

2.3.1. Edge-Based Segmentation Pipeline

The first segmentation pipeline was based on edge detection using the Canny operator.
Initially, the preprocessed grayscale image was subjected to edge extraction in order to
identify intensity discontinuities associated with object boundaries. Canny edge detection
was performed using lower and upper threshold values of 30 and 120, respectively. Because
edge fragmentation frequently occurs under industrial conditions involving noise and
illumination variability, morphological closing operations were subsequently applied using
a structuring element with dimensions of 25 x 25 pixels.

The morphological reconstruction stage aimed to reconnect discontinuous contour
regions and generate spatially coherent structures corresponding to the carcass boundaries.
After contour reconstruction, the largest connected contour detected in the image was
selected under the assumption that it represented the primary object of interest. The
resulting region was then converted into a binary segmentation mask representing the
extracted carcass structure.

2.3.2. Threshold-Based Segmentation Pipeline

The second segmentation approach employed global thresholding applied to the
grayscale image. A fixed threshold value of 50 was used to separate foreground and
background regions according to pixel intensity distributions. Following binarization,
contour extraction was performed to identify connected regions corresponding to potential
carcass structures.

Similarly, to the edge-based approach, the largest connected component identified in
the binary image was selected as the final segmented region. This method was included
due to its low computational complexity, straightforward implementation, and frequent
application in industrial computer vision systems operating under real-time constraints.

2.3.3. Deep Learning-Based Segmentation Pipeline

The third segmentation pipeline employed the rembg library, which implements deep
learning-based background removal techniques using pretrained salient object segmenta-
tion models. Unlike classical methods based primarily on intensity or edge information,
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the rembg approach performs foreground extraction through hierarchical feature represen-
tation and contextual analysis learned from large-scale image datasets.

For each image, the segmentation output generated by the rembg pipeline included
an alpha channel corresponding to the estimated foreground region. This alpha channel
was extracted and converted into a binary mask representing the segmented carcass struc-
ture. Although this approach presents increased computational cost compared to classical
pipelines, it enables more adaptive segmentation behavior under conditions involving
background heterogeneity, reflections, and complex object boundaries. The segmentation
pipeline was implemented in Python version 3.10.0 using Visual Studio Code version
1.122.0 on Microsoft Windows 11 Home Single Language. Background removal was per-
formed using the rembg library version 2.0.67, with the pre-trained U2-Net model and
default processing parameters. No manual threshold adjustment or additional user-defined
segmentation parameters were applied. Each image was processed individually, and the
output alpha mask generated by rembg was used to separate the foreground from the
background. The procedure was executed on a computer equipped with an 11th Gen
Intel(R) Core(TM) i3-1115G4 @ 3.00 GHz processor (Intel Corporation, Santa Clara, CA,
USA) and 20 GB of RAM.

2.4. Quantitative Evaluation Metrics

Quantitative evaluation was performed through pairwise structural comparisons
between the segmentation outputs generated by the evaluated pipelines. Rather than estab-
lishing absolute segmentation accuracy against manually annotated masks, the analysis
focused on investigating inter-method agreement, structural consistency, edge preservation
behavior, and computational performance under industrial acquisition conditions.

The evaluation framework included complementary metrics widely employed in image
segmentation analysis [19], allowing the investigation of spatial overlap, structural similarity,
disagreement behavior, boundary consistency, and foreground-background separability.

The Intersection over Union (IoU) metric was used to quantify the overlap between
segmentation masks generated by different pipelines. Similarly, the Dice coefficient was em-
ployed to evaluate spatial agreement between segmented regions. To investigate disagree-
ment behavior, the Overlap Error (OE) metric was computed, providing a complementary
measure of spatial inconsistency between masks.

Structural similarity between segmentation outputs was evaluated using the Structural
Similarity Index (SSIM), which considers luminance, contrast, and structural information.
In addition, contour consistency was analyzed using the Edge Preservation Index (EPI),
computed from Sobel gradient representations extracted from the binary masks. Finally,
the Fisher Discriminant Ratio (FDR) was used to investigate the separability between
foreground and background intensity distributions under industrial acquisition conditions.

The mathematical formulations corresponding to the evaluation metrics employed in
this study are presented in Table 1.

Table 1. Summary of evaluation metrics and mathematical formulations used for segmentation
algorithm pairwise comparisons.

Metric Formula Reference
Intersection over Union (IoU) IoU;j = 5 [MDe:jr Z (x;u]ux()x) e [19,20]
x€Q ] i
Overlap Error (OE =1 Ereo 4i(x)u;(x) 19,20
verlap Error (OE) OE; =1 e o (0) o, ) )] [ ]
Structural sim (SSIM) SSIM(x, y) = éﬁfﬁi&lﬁﬁﬁf& [19]
X y 1 x x 2
Edge Preservation Index (EPI) EP Iij -1 ZXEZLW [19,21]
xe) LilA

https:/ /doi.org/10.3390/agriengineering8070288


https://doi.org/10.3390/agriengineering8070288

AgriEngineering 2026, 8, 288

7 of 20

2.5. Qualitative Analysis Using Discordance Maps

In addition to quantitative evaluation, qualitative spatial analyses were performed
using discordance maps in order to investigate localized variability between segmentation
pipelines. Unlike global similarity metrics, discordance maps provide spatial representa-
tions of disagreement behavior, enabling the identification of regions where segmentation
methods produce structurally inconsistent outputs.

For each image, the binary masks generated by the evaluated segmentation pipelines
were spatially stacked, and pixel-wise standard deviation was computed across the cor-
responding masks. Regions presenting high variability indicated disagreement between
segmentation methods, whereas regions with low variability indicated structural consis-
tency among pipelines.

The resulting variability maps were normalized to the 8-bit range for visualization pur-
poses and subsequently analyzed together with edge representations generated using Sobel
operators. In most cases, disagreement regions were concentrated along object boundaries,
reflecting differences in contour delineation strategies adopted by the evaluated pipelines.
These analyses provided complementary information to the edge-sensitive quantitative
metrics and contributed to a more comprehensive understanding of segmentation behavior
under industrial acquisition conditions.

3. Results

The evaluated segmentation pipelines exhibited distinct structural and computational
behaviors under industrial acquisition conditions, particularly in scenarios involving illumi-
nation variability, reflections caused by surface moisture, and heterogeneous backgrounds.
Although substantial agreement was observed in the global representation of the segmented
regions, important differences emerged regarding contour continuity, edge localization,
and structural consistency among the evaluated approaches.

The quantitative results obtained from pairwise comparisons between segmentation
pipelines are summarized in Table 2.

Table 2. Performance of segmentation methods for broiler chicken carcasses under contaminated and
non-contaminated conditions.

Contaminated Non-Contaminated
Edge vs. Edge vs. Threshold vs. Edge vs. Edge vs. Threshold vs.
Threshold rembg rembg Threshold rembg rembg
Metrics
Number of images 253 252 260 323 314 322
Average Processing 0.01 0.01 2.44 0.007 0.016 2511
time (s)
FDR
Minimum 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001
Maximum 0.1067 0.1569 6.1491 0.3258 0.0721 0.2014
Pairwise comparison
OE
Minimum 0.0346 0.0653 0.086 0.0386 0.0600 0.0917
Maximum 0.7819 0.7619 0.9304 0.997 0.8654 0.6796
EPI
Minimum 0.161 0.0295 0.0024 0.9523 0.0136 0.0041
Maximum 0.5063 0.1894 0.1446 0.9997 0.1934 0.1447

Note: Edge = edge-based segmentation; Threshold = threshold-based segmentation; rembg = deep learning-based
background removal. FDR = Fisher Discriminant Ratio; OE = Overlap Error; EPI = Edge Preservation Index.
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Regarding dataset distribution, the number of valid processed images remained
relatively balanced across pairwise comparisons, ranging from 252 to 260 samples in the
contaminated group and from 314 to 323 samples in the non-contaminated group. These
variations were primarily associated with the successful generation of valid segmentation
masks by each evaluated pipeline.

From a computational perspective, the classical segmentation pipelines exhibited
substantially lower processing times compared to the deep learning-based approach. The
edge-based and threshold-based methods presented average processing times close to 0.01 s
per image under both contaminated and non-contaminated conditions, demonstrating
compatibility with real-time industrial applications. In contrast, the rembg-based pipeline
required approximately 2.44 s per image for contaminated samples and up to 2.51 s for
non-contaminated samples, reflecting the substantially higher computational demand
associated with deep learning-based inference procedures.

Despite the differences in computational cost, overlap-based metrics revealed rela-
tively high agreement between segmentation outputs generated by the evaluated methods.
Pairwise comparisons involving the edge-based and threshold-based pipelines generally
presented the highest similarity values, whereas comparisons involving the rembg pipeline
exhibited greater variability across multiple evaluation metrics.

The FDR demonstrated consistently low minimum values across all evaluated con-
ditions, reaching 0.0001 in all comparisons. These results indicate limited separability
between foreground and background intensity distributions under industrial acquisition
conditions. The presence of reflections, surface moisture, and illumination heterogeneity
produced substantial overlap between intensity distributions, reducing the effectiveness
of globally intensity-based segmentation strategies. Nevertheless, maximum FDR values
varied considerably across comparisons, particularly in analyses involving the rembg
pipeline, where values reached up to 6.1491 in contaminated samples. This increased
variability suggests that the deep learning-based approach generated structurally distinct
segmentation representations compared to the classical pipelines.

The OE metric also revealed substantial variability across pairwise comparisons.
In contaminated images, minimum OE values ranged from 0.0346 to 0.0860, whereas
maximum values varied between 0.7619 and 0.9304. For non-contaminated samples,
minimum OE values ranged from 0.0386 to 0.0917, while maximum values reached up to
0.9970 in specific comparisons. Higher disagreement levels were predominantly observed
in comparisons involving the rembg pipeline, whereas lower disagreement values were
generally associated with comparisons between the classical segmentation methods.

The Edge Preservation Index revealed more pronounced differences between segmen-
tation pipelines than overlap-based metrics. In contaminated images, minimum EPI values
ranged from 0.0024 to 0.1610, while maximum values varied between 0.1446 and 0.5063.
For non-contaminated samples, minimum values remained low, ranging from 0.0041 to
0.0136, although maximum values reached values close to 1.0 in specific cases. Overall,
pairwise comparisons involving the rembg pipeline exhibited lower edge agreement than
those observed between the edge-based and threshold-based methods, indicating distinct
contour delineation behaviors among the evaluated approaches.

To further investigate segmentation consistency across methods, radar plots sum-
marizing the principal evaluation metrics were generated for contaminated and non-
contaminated conditions, as illustrated in Figure 2.

For contaminated images, IoU and Dice metrics exhibited consistently high values
across all pairwise comparisons, remaining predominantly within the approximate range
of 0.80 to 0.90. Similarly, SSIM values remained close to 1.0, indicating high structural
similarity between segmentation outputs. However, EPI values remained substantially
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lower, typically varying between approximately 0.10 and 0.35. This discrepancy demon-
strates that high overlap agreement does not necessarily correspond to equivalent boundary
representation among segmentation pipelines. In other words, segmentation methods may
produce similar object regions while simultaneously exhibiting important differences in
contour localization and edge continuity.

Contaminated Non-Contaminated

Dice = Edge vs Threshold Dice == Edge vs Threshold
Edge vs rembg Edge vs rembg
= Threshold vs rembg = Threshold vs rembg

loU loU

EPI EPI

Figure 2. Radar plots of segmentation performance metrics for pairwise comparisons between
segmentation pipelines in contaminated (left) and non-contaminated (right) images. Edge = edge-
based segmentation pipeline; Threshold = threshold-based segmentation pipeline; rembg = deep
learning-based background removal approach. Metrics include Intersection over Union (IoU), Dice
coefficient, Structural Similarity Index (SSIM), and Edge Preservation Index (EPI).

A similar pattern was observed for non-contaminated samples. IoU values remained
predominantly between approximately 0.75 and 0.85, while Dice coefficients remained close
to 0.85-0.90. Structural similarity values again remained close to 1.0, whereas EPI values
continued to present reduced magnitudes, generally varying between 0.10 and 0.30. Al-
though differences between pairwise comparisons were slightly less pronounced than those
observed in contaminated conditions, lower edge agreement was again predominantly
associated with comparisons involving the rembg pipeline.

Overall, the radar plots indicate that overlap-based metrics alone are insufficient to
fully characterize segmentation behavior under industrial acquisition conditions. While
region-based metrics suggest high agreement between methods, edge-sensitive analyses
reveal substantial variability in contour representation and structural consistency.

To complement the quantitative analyses, qualitative edge visualizations were gener-
ated using Sobel operators applied to the binary masks produced by each segmentation
pipeline. Representative examples are presented in Figure 3.

Visual inspection of the edge maps revealed substantial differences in contour orga-
nization between the evaluated methods. The edge-based pipeline frequently produced
fragmented and irregular contours, particularly in regions affected by reflections and low
local contrast. The threshold-based pipeline generated comparatively smoother boundaries,
although localized inconsistencies and contour discontinuities remained observable under
heterogeneous illumination conditions.

In contrast, the rembg-based approach generated more continuous and structurally
coherent contour representations across both contaminated and non-contaminated samples.
This behavior indicates that the deep learning-based pipeline adopted a substantially
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Original

different strategy for foreground extraction and boundary representation compared to the
classical segmentation approaches.

The variability in segmentation agreement across individual samples was further in-
vestigated through image-wise analysis of the Intersection over Union metric, as illustrated
in Figure 4.

Method 1 Method 2

Method 1 Method 2

Method 1 Method 2

Figure 3. Edge map comparison of segmentation methods. Each row shows the original image
followed by the corresponding Sobel-based edge maps obtained from Method 1, Method 2, and
rembg, illustrating differences in boundary delineation.

For contaminated samples, IoU values remained predominantly concentrated between
approximately 0.60 and 0.85 across most images, with higher agreement levels observed
in the initial portion of the dataset. However, localized reductions in IoU were observed
throughout the acquisition sequence, with some samples presenting values approaching
zero. These abrupt reductions indicate isolated cases in which segmentation pipelines
generated substantially different structural representations of the carcasses.

For non-contaminated samples, greater variability was observed throughout the
dataset, particularly in the initial acquisition regions, where IoU values ranged approxi-
mately from 0.40 to 0.85. Although intermediate portions of the dataset presented more
concentrated agreement values, localized fluctuations remained observable across the
acquisition sequence.

The observed variability demonstrates that segmentation agreement is highly depen-
dent on acquisition conditions and image-specific characteristics. Factors such as reflections,
carcass positioning variability, local illumination changes, and surface moisture contributed
to inconsistent segmentation behavior across individual samples, particularly in compar-
isons involving the deep learning-based pipeline. The observed variability was primarily
associated with the industrial acquisition conditions and was not substantially influenced
by the contamination status of the carcasses.

Overall, the results indicate that the evaluated segmentation pipelines generate dis-
tinct structural representations of the same objects, even when overlap-based metrics

https:/ /doi.org/10.3390/agriengineering8070288


https://doi.org/10.3390/agriengineering8070288

AgriEngineering 2026, 8, 288

11 of 20

suggest apparently satisfactory agreement. These differences become particularly evident
in edge-sensitive analyses and qualitative visualizations, reinforcing the importance of

combining complementary evaluation strategies when analyzing segmentation behavior
under industrial acquisition conditions.
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Figure 4. Curves of the Intersection over Union metric per image, highlighting the variability of
pairwise comparisons between the segmentation methods
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4. Discussion

The results obtained in this study demonstrate that the behavior of image segmentation
pipelines under industrial poultry inspection conditions cannot be fully characterized using
overlap-based metrics alone. Although the evaluated methods frequently exhibited high
agreement in terms of region overlap, substantial differences emerged regarding contour
continuity, edge localization, structural consistency, and computational feasibility. These
findings reinforce the importance of analyzing segmentation pipelines not only from the
perspective of spatial agreement, but also considering their operational behavior and
potential influence on downstream artificial intelligence applications.

Industrial acquisition conditions played a fundamental role in the variability observed
throughout the segmentation process. Unlike controlled laboratory environments, poul-
try slaughterhouses present substantial visual complexity associated with non-uniform
illumination, reflections caused by surface moisture, heterogeneous backgrounds, carcass
positioning variability, and operational constraints related to high-throughput process-
ing lines. These factors directly affect image quality and interfere with the stability of
preprocessing and segmentation operations.

Additionally, operational requirements associated with hygienization procedures
introduced further variability into the acquisition process. Continuous cleaning of the
acquisition surface generated reflective regions and residual water artifacts that altered
local intensity distributions and interfered with contour definition. Simultaneously, infras-
tructure limitations restricted the use of auxiliary illumination systems in humid industrial
environments due to electrical safety concerns. Together, these factors produced a highly
heterogeneous acquisition scenario representative of real industrial operating conditions.

4.1. Structural Behavior of the Classical Segmentation Pipelines

The edge-based segmentation pipeline demonstrated satisfactory performance re-
garding global object localization, as indicated by the relatively high IoU and Dice values
observed across pairwise comparisons. These results suggest that the Canny-based ap-
proach was capable of identifying the general spatial extent of the carcass regions under
most acquisition conditions. However, edge-sensitive analyses revealed important limita-
tions associated with contour stability and boundary continuity.

The low and highly variable EPI values indicate that the edge-based pipeline frequently
produced inconsistent contour representations, particularly in transition regions between
object and background. In the present study, this behavior suggests that Gaussian smooth-
ing and gradient-based edge detection were insufficient to preserve contour continuity un-
der the heterogeneous acquisition conditions encountered in commercial slaughterhouses.
Similar observations were reported by Sung and Lee [22], who showed that Gaussian
smoothing reduces high-frequency noise but also attenuates gradient magnitude and par-
tially suppresses fine boundary information, particularly under low-contrast conditions.

This effect became particularly evident under industrial acquisition conditions involv-
ing reflections and surface moisture. Variations in local intensity distributions introduced
spurious edge responses and contour fragmentation, requiring morphological reconstruc-
tion procedures to reconnect discontinuous structures. This suggests that morphological
reconstruction alone cannot compensate for the intensity variability introduced during
image acquisition, particularly when reflections and moisture interfere with edge definition.

These findings agree with previous studies reporting that classical edge-based and
threshold-based segmentation methods are highly affected by non-uniform illumination
and local intensity variations [23,24]. In the present study, these effects were intensified
by reflections and moisture commonly observed in poultry slaughterhouses, resulting in
fragmented contours even after morphological reconstruction.
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Similarly, the threshold-based segmentation pipeline exhibited satisfactory global
overlap agreement while presenting limitations regarding boundary consistency. The rel-
atively low computational complexity associated with global thresholding represents an
important advantage for industrial applications requiring real-time operation. However, in
the present study this sensitivity became more evident under industrial acquisition con-
ditions, where reflections and heterogeneous illumination increased the overlap between
foreground and background intensity distributions, making the selection of a single global
threshold insufficient for consistent carcass extraction.

The observed behavior of the threshold-based pipeline under heterogeneous acquisi-
tion conditions, Figure 5, reflects the intrinsic limitations of global thresholding techniques.
Under conditions involving reflections, non-uniform illumination, and overlapping inten-
sity distributions, variations in pixel intensity compromise the definition of a single global
threshold, resulting in inconsistent region extraction and reduced boundary consistency.
Similar limitations of global thresholding methods have been reported under non-uniform
illumination, where variations in lighting and overlapping intensity distributions frequently
compromise object delineation and segmentation accuracy [25,26].

Figure 5. Failure cases of threshold-based segmentation under low contrast and illumination variability.

The failure cases presented in Figure 5 demonstrate that the main limitation of the
threshold-based pipeline was not the identification of the carcass itself, but the preservation
of anatomically coherent boundaries under heterogeneous illumination conditions.

The low FDR values quantitatively support the visual observations presented in
Figure 5, indicating that foreground and background became less distinguishable un-
der industrial acquisition conditions. Similar reductions in thresholding performance
have been reported under non-uniform illumination [27,28], although the effects ob-
served here were further aggravated by moisture-related reflections and heterogeneous
industrial backgrounds.

Importantly, both classical pipelines demonstrated that overlap-based metrics may
overestimate segmentation quality in scenarios involving large homogeneous regions. Be-
cause IoU and Dice primarily evaluate spatial overlap, segmentation masks presenting
substantially different contour definitions may still produce relatively high agreement
values when the central object regions remain similar. This phenomenon explains the dis-
crepancy observed between overlap-based metrics and edge-sensitive analyses throughout
the present study.

The limitations associated with contour continuity became particularly evident in
regions affected by reflections and low local contrast. Figure 6 illustrates representative
failure cases observed in the edge-based segmentation pipeline, where fragmented contours
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and discontinuous boundaries were generated under industrial acquisition conditions

involving moisture-related reflections and heterogeneous illumination patterns.

Figure 6. Example of edge-based segmentation showing fragmented contours and boundary incon-

sistencies under industrial acquisition conditions.

Together, the qualitative observations and quantitative metrics indicate that gradient-
based segmentation is strongly influenced by the acquisition conditions adopted in this
study. This finding highlights the importance of considering industrial environmental
variability when selecting segmentation strategies for poultry inspection systems.

4.2. Structural Behavior of the Deep Learning-Based Pipeline

The rembg-based segmentation pipeline exhibited substantially different structural
behavior compared to the classical approaches. Pairwise comparisons involving the deep
learning-based method presented greater variability in FDR, OE, and EPI metrics, indicating
that the generated segmentation masks followed a distinct contour representation strategy.

The distinct structural behavior observed for the rembg pipeline is likely related to
its ability to exploit contextual and hierarchical image information rather than relying
exclusively on local intensity distributions or gradient magnitude. In the present study, this
characteristic allowed the segmentation model to maintain more coherent contour repre-
sentations even under heterogeneous acquisition conditions. Unlike classical segmentation
methods primarily based on intensity distributions or local gradients, deep learning ap-
proaches perform foreground extraction using hierarchical feature representations learned
from large-scale datasets, enabling greater robustness to heterogeneous visual conditions
and complex object-background relationships [14].

Qualitative analyses revealed that the rembg pipeline generated more continuous
and visually coherent contour structures across both contaminated and non-contaminated
samples. Even under reflections, heterogeneous backgrounds, and illumination variability,
the deep learning-based approach maintained more stable boundary organization than
the classical methods. This behavior is likely associated with the contextual information
exploited by deep learning models, which reduces the dependence on local intensity
variations. Similar behavior has been reported in poultry and food inspection studies, where
deep learning-based segmentation methods achieved improved boundary delineation
under challenging acquisition conditions [29,30].

Importantly, the lower agreement observed between rembg and the classical pipelines
should not necessarily be interpreted as reduced segmentation quality. Instead, these
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differences indicate that the evaluated methods generated distinct structural representations
of the same objects. The discordance maps and edge visualizations demonstrated that
disagreements were concentrated predominantly along contour regions, whereas central
object regions remained relatively consistent across methods.

The differences observed in contour representation have practical implications be-
yond the segmentation stage. This observation is particularly relevant for downstream
artificial intelligence applications. Variations in contour organization, edge continuity, and
background suppression may directly influence feature extraction procedures commonly
employed in machine learning and deep learning pipelines. Morphological descriptors,
spectral distributions, texture features, and convolutional representations are all sensitive
to segmentation quality and structural consistency. Consequently, segmentation pipelines
producing apparently similar overlap metrics may still generate substantially different
inputs for subsequent classification stages.

Nevertheless, the improved structural consistency achieved by the rembg approach
was associated with substantially longer processing times. Average inference times exceed-
ing 2 s per image remain incompatible with direct deployment in high-speed industrial
poultry processing lines without hardware acceleration or inference optimization strate-
gies. Commercial poultry slaughterhouses typically process more than 100 carcasses per
minute, requiring segmentation pipelines capable of maintaining low-latency operation
under continuous processing conditions. In the present study, the rembg pipeline increased
processing time by approximately 250-fold compared with the classical approaches (2.5 s
versus 0.01 s per image), highlighting the practical trade-off between segmentation quality
and computational efficiency in high-throughput industrial environments.

This trade-off between computational efficiency and segmentation consistency rep-
resents one of the central findings of the present study. While classical approaches offer
reduced computational demand and compatibility with real-time industrial operation,
deep learning-based methods provide improved structural consistency at the expense
of substantially increased computational complexity. These findings are in agreement
with recent studies on poultry and agricultural computer vision systems [31,32], which
also reported that improvements in segmentation quality are frequently accompanied by
increased computational demand. Similar to the present study, these works highlight that
the choice of the segmentation strategy depends on the operational requirements of the
intended application.

From a practical perspective, the three segmentation pipelines present different com-
putational cost-benefit characteristics for industrial implementation. The edge-based and
threshold-based methods processed images in approximately 0.01 s per image, requiring
relatively low computational resources and making them suitable for real-time applica-
tions. In contrast, the deep learning-based pipeline required approximately 2.5 s per image,
representing a substantially higher computational demand. Although this approach pro-
duced more coherent contour representations and improved foreground extraction under
challenging industrial conditions, its deployment in high-throughput slaughterhouses may
require more powerful hardware or inference optimization. Therefore, rather than selecting
a universally superior segmentation strategy, the results suggest that the most appropri-
ate pipeline depends on whether computational efficiency or contour representation is
prioritized in the target application.

The improved contour organization achieved by the deep learning-based approach
can be visually observed in Figure 7. Compared to the classical pipelines, the rembg-based
method generated smoother and more continuous boundary representations, particularly in
anatomically complex regions and under conditions involving heterogeneous backgrounds
and reflective surfaces.
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Figure 7. Visual comparison between segmentation methods, highlighting the improved boundary
coherence achieved by the deep learning-based approach.

The visual improvements observed in Figure 7 reinforce the quantitative results, indi-
cating that the deep learning-based pipeline preserved contour continuity more effectively
than the classical methods under heterogeneous industrial conditions.

4.3. Implications for Industrial Computer Vision Systems

One of the most relevant findings of this study is that overlap-based metrics alone
are insufficient to comprehensively characterize segmentation behavior under industrial
acquisition conditions. In several pairwise comparisons, high IoU, Dice, and SSIM values
coexisted with low EPI values and substantial contour variability, demonstrating that region
agreement does not necessarily imply equivalent boundary representation. This observa-
tion reinforces recent recommendations that segmentation quality should be evaluated
using complementary quantitative metrics rather than overlap measures alone, allowing a
more comprehensive assessment of structural and boundary characteristics [19].

The differences in contour organization observed among the evaluated segmentation
pipelines have important implications for industrial computer vision systems, particularly
those employing artificial intelligence models for defect detection, contamination analy-
sis, or carcass classification. Segmentation pipelines define the structural representation
of the region of interest that will subsequently be processed by downstream analytical
stages. Consequently, inconsistencies in contour organization and background suppression
may propagate throughout the computational pipeline and directly affect classification
performance and feature reliability.

The present study therefore demonstrates that preprocessing and segmentation are
not merely preliminary stages preceding artificial intelligence models. The differences
observed among the evaluated pipelines indicate that segmentation directly influences the
structural representation of the object and, consequently, the quality of the information
available for subsequent analytical stages.

Furthermore, the results demonstrate that segmentation evaluation frameworks
should integrate complementary quantitative and qualitative analyses. In the present
study, overlap-based metrics alone were insufficient to explain the structural differences
identified through edge-sensitive measures, discordance maps, and visual inspection. This
integrated evaluation strategy becomes particularly important under real industrial acqui-
sition conditions, where visual variability and operational constraints introduce substantial
complexity into computer vision applications.

Overall, the findings indicate that no single segmentation pipeline was optimal for
all evaluation criteria. While the classical approaches provided lower computational cost
and processing times compatible with real-time applications, the deep learning-based
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pipeline generated more coherent contour representations under heterogeneous industrial
conditions. Therefore, segmentation strategies should be selected according to the specific
requirements of the intended application, considering computational feasibility, contour
representation, and compatibility with downstream analytical tasks.

5. Conclusions

This study investigated the structural and computational behavior of different image
segmentation pipelines applied to broiler chicken carcass inspection under real industrial
acquisition conditions. The results demonstrated that segmentation behavior cannot be
adequately characterized using overlap-based metrics alone, since methods presenting
high spatial agreement frequently produced substantially different contour representations
and boundary organizations.

The classical segmentation pipelines based on edge detection and global threshold-
ing exhibited low computational cost and processing times compatible with real-time
industrial applications. However, both approaches demonstrated sensitivity to illumina-
tion variability, reflections, surface moisture, and heterogeneous backgrounds, leading
to inconsistencies in contour continuity and boundary preservation under challenging
acquisition conditions.

In contrast, the deep learning-based segmentation pipeline generated more continuous
and structurally coherent contour representations, demonstrating improved boundary
consistency and foreground extraction under adverse industrial scenarios. Nevertheless,
this improved structural behavior was associated with substantially higher computational
demand, which may limit direct deployment in high-throughput industrial environments
without optimization strategies or hardware acceleration.

The combined analysis of overlap-based metrics, edge-sensitive measures, discordance
maps, computational performance, and qualitative visual inspection demonstrated that
different segmentation pipelines generate distinct structural representations of the same
object. These differences are particularly relevant because segmentation quality directly
influences the consistency of regions subsequently used in feature extraction, pattern
recognition, and downstream artificial intelligence applications.

The results also indicated that the observed segmentation behavior was primarily
influenced by the industrial acquisition conditions, regardless of the contamination status
of the carcasses. This finding suggests that illumination variability, reflections, and back-
ground heterogeneity had a greater impact on segmentation performance than the presence
of visible contamination.

Therefore, the findings of this study reinforce that preprocessing and segmentation
should not be interpreted merely as preliminary stages preceding classification models,
but rather as fundamental components that directly affect the reliability and operational
feasibility of automated inspection systems.

This study has some limitations. The segmentation pipelines were evaluated through
pairwise comparisons without manually annotated reference masks, which prevented
the assessment of absolute segmentation accuracy. In addition, only three segmenta-
tion pipelines representing classical and deep learning-based approaches were evaluated.
Future studies should include manually annotated ground truth data and additional seg-
mentation methods to further investigate segmentation behavior under industrial poultry
inspection conditions.

Overall, the proposed evaluation framework contributes to the development of more
reliable computer vision systems for poultry inspection by integrating structural, computa-
tional, and qualitative analyses under real industrial acquisition conditions. The results
also provide important insights regarding the trade-offs between computational efficiency,
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contour consistency, and industrial applicability when selecting segmentation pipelines for
intelligent inspection systems operating in poultry processing environments.
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