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The pressing challenges in pig production - particularly in welfare monitoring, behavior analysis, and health
management - have driven increasing research efforts in computer vision as a scalable and automated solution.
Over the past decade, a diverse body of work has emerged within precision livestock farming (PLF), addressing
tasks ranging from pig detection and identification to behavior recognition and health assessment. This
expanding research landscape calls for a structured synthesis to consolidate existing knowledge, clarify meth-
odological developments, and elucidate the role of behavior-focused applications. This systematic literature
review examines the adoption of computer vision in pig production through four research dimensions: (i) the
range of problems addressed, (ii) the models and neural network architectures employed, (iii) the evaluation
metrics reported, and (iv) the technical and practical challenges associated with developing and deploying such
models. The contribution of this review is threefold. First, it offers an accessible conceptual overview of key deep
learning based computer vision approaches to support interdisciplinary researchers entering the field. Second, it
synthesizes methodological and evaluative trends across studies. Third, it identifies key challenges and research
opportunities for advancing robust and practically relevant computer vision systems in pig farming.

supporting data-driven decision-making in digital agriculture [3].
Breakthroughs in convolutional neural networks (CNNs) - deep learning

1. Introduction

Recent advances in artificial intelligence (AID), particularly in deep
learning (DL), have fundamentally reshaped computer vision (CV) and
pattern recognition [1,2]. Modern DL-driven vision systems can auto-
mate tasks that previously relied on human observation, enabling
continuous monitoring across agricultural production environments and

architectures specialized for visual data and inspired by the hierarchical
structure of the human visual system - have been central to this progress,
enabling automated feature extraction through convolutional layers and
substantially improving image analysis performance [4].

These methodological advances have driven rapid expansion of CV
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curacy; HRNet, High-Resolution Network; IDF1, Identification F1 score; ImageNet, Large-scale image dataset for visual recognition pretraining; IoU, Intersection over
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applications across agriculture and animal husbandry [5-7]. Precision
livestock farming (PLF), particularly in pig production, has benefited
from this technological shift. The integration of DL-based CV systems
enables automated behavioral monitoring and welfare assessment [8],
aligning with increasing societal and regulatory expectations regarding
animal welfare [9].

Within pig production systems, CV has emerged as a key enabling
technology for continuous, automated, and non-invasive assessment
under commercial conditions. Early work by [10] demonstrated one of
the first reliable systems capable of locating and identifying individual
pigs in commercial pens, establishing the foundation for applications
requiring accurate individual recognition. Subsequent advances in DL
facilitated more sophisticated identification and tracking approaches,
including markerless systems capable of distinguishing and following
pigs over time [11].

Over the past decade, extensive research has explored CV for high-
throughput phenotyping [7], behavior tracking [12], and welfare
assessment [13] in farm animals. While various imaging modalities have
been explored, most DL-based approaches in pig production rely on 2D
image processing.

Several systematic reviews have examined different aspects of CV
and DL in livestock systems. For example, [14] reviewed deep-learning
approaches for behavior recognition, while [15] analyzed vision-based
monitoring techniques for outdoor livestock. Other reviews have
emphasized public dataset availability [16], focused on body-weight
estimation [17], or examined broader machine-learning applications
in livestock [18]. Although these studies provide valuable insights, a
pig-focused systematic review of deep learning-based CV applications in
precision livestock farming is still lacking.

To address this need, the present review presents three interrelated
contributions. First, it provides a structured mapping of DL-based CV
applications with examples in pig production, delineating the range of
problems addressed within precision livestock farming and offering an
accessible entry point for researchers seeking to engage with this
domain. Second, it systematically maps the landscape of deep lear-
ning-based computer vision applications in pig production, synthesizes
methodological and evaluative practices across studies, and critically
examines the technical and practical challenges that shape their devel-
opment and deployment by answering four research questions. Finally,
by consolidating these dimensions, the review outlines future directions
in precision livestock farming.

2. An introduction to computer vision with examples in
livestock for pigs

The objective of this section is twofold. First, it serves as an accessible
introduction to CV concepts for researchers who may not have a tech-
nical background in the field but are interested in understanding its
potential applications in PLF for pigs. Second, it delineates the specific
subfields of CV that are most relevant to this review, helping to accu-
rately clarify the scope and focus given the breadth of the CV domain.

We define CV broadly as a spectrum of computational techniques
aimed at enabling machines to interpret and extract information from
visual inputs. For the purposes of this review, we structure the field into
five principal areas, each representing a step forward in technical so-
phistication and automation capabilities:

1. Image processing: This foundational layer operates at the pixel or
signal level and applies deterministic algorithms to enhance or
transform images without performing semantic inference. Typical
operations include noise reduction, filtering, contrast enhancement,
thresholding, morphological transformations, and background sub-
traction. The resulting images may improve visual quality or isolate
regions of interest and can either be used directly or serve as inputs to
higher-level computer vision models.
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2. Traditional (classical) computer vision: Classical computer vision
builds upon image processing by extracting structured representa-
tions from images using handcrafted features and explicit mathe-
matical models. Techniques include edge detection, feature
extraction (e.g., SIFT, HOG) [19], optical flow, template matching,
and classical object tracking algorithms. These engineered de-
scriptors are typically combined with conventional machine-learning
methods such as support vector machines or decision trees for tasks
like detection, classification, or motion analysis. While effective in
constrained settings, these approaches require task-specific feature
design and substantial parameter tuning.

3. Geometric computer vision: Geometric vision focuses on recov-
ering spatial structure and motion from images using principles of
projective geometry and multi-view consistency. Because a single
monocular image does not contain explicit metric depth information,
geometric approaches often rely on stereo vision, multi-camera sys-
tems, or sequential image acquisition to infer three-dimensional
structure. Representative methods include structure-from-motion
(SfM), simultaneous localization and mapping (SLAM), bundle
adjustment, and multi-view reconstruction. These techniques are
widely used for 3D mapping, pose estimation, and spatial modeling
in robotics and remote sensing.

4. Deep learning-based computer vision: Deep learning has trans-
formed computer vision by enabling automatic learning of hierar-
chical feature representations directly from data. CNNs initially
drove this progress by learning spatial feature hierarchies, where
early layers capture low-level patterns (e.g., edges or textures) and
deeper layers encode increasingly abstract concepts (e.g., objects or
behaviors). More recently, transformer-based architectures and
hybrid models have further advanced visual recognition tasks. Pre-
trained backbone networks can be fine-tuned for applications such as
object detection, semantic segmentation, pose estimation, and clas-
sification. Unlike classical approaches, feature representations are
learned rather than manually engineered, improving generalization
across diverse environments.

5. Vision-language models and foundation models: Vision-
-language models (VLMs) extend deep learning-based vision sys-
tems by jointly modeling visual and textual data within large-scale
pretrained architectures. Trained on massive multimodal datasets,
these models can perform cross-modal reasoning and exhibit zero-
shot or few-shot capabilities for certain tasks. Examples include
contrastively trained models (e.g., CLIP-like architectures) and
generative multimodal transformers. Although still emerging in
livestock applications, such models hold potential for integrating
visual observations (e.g., animal behavior) with textual metadata (e.
g., health records or environmental logs) to enable multimodal de-
cision support systems.

Given the rapid advancement and dominant role of deep learning in
contemporary computer vision, the remainder of this review focuses
specifically on DL-based 2D approaches and their application in pig
production systems. In this review, 2D computer vision refers specifically
to methods operating on two-dimensional images and video frames ac-
quired with standard visible-light (RGB) cameras. The scope therefore
includes RGB still images and RGB video, and excludes thermal or
infrared imaging, depth-derived and 3D representations (e.g., RGB-D,
stereo, and point-cloud data), and other non-RGB or multimodal
sensing. These modalities were excluded because they entail different
annotation requirements, model architectures, and on-farm deployment
constraints, and because RGB cameras remain the most widely available
and readily deployable sensing modality in commercial pig production.
Consistent with this scope, studies relying on thermal or 3D imagery
were removed at the critical-appraisal stage. In practical implementa-
tions, DL-based vision pipelines typically follow a modular architecture
composed of a pretrained feature extractor (commonly referred to as a
backbone) coupled with task-specific prediction heads that perform
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inference on well-defined downstream objectives. This architectural
decomposition provides a structured lens through which existing
methods in PLF can be analyzed.

Pretrained backbone networks function as hierarchical feature ex-
tractors, progressively transforming raw pixel data into increasingly
abstract representations. Widely adopted CNN architectures include
Visual Geometry Group Networks (VGGNet) [20], Residual Networks
(ResNet) [21], EfficientNet [22], and Densely Connected Convolutional
Networks (DenseNet, [23]). Many of these models are pretrained on
large-scale datasets such as ImageNet [24], enabling transfer learning in
agricultural settings where annotated data are often limited. More
recently, transformer-based architectures such as Vision Transformers
(ViTs) [25], as well as hybrid CNN-transformer models, have gained
traction due to their ability to capture long-range spatial dependencies
and contextual relationships; an advantage in crowded and visually
complex environments such as commercial pig pens.

Depending on the research objective, these backbone networks are
combined with specialized prediction modules, giving rise to several
canonical downstream tasks in computer vision:

e Classification (Fig. 1): Classification assigns a single label to an
entire image or short image sequence without explicit object locali-
zation. In pig production systems, classification models are
commonly used to recognize postures, activities, or health-related
states. Typical applications include posture recognition (e.g.,
lateral or ventral lying) and behavior categorization. CNN-based
architectures such as ResNet [21], VGG [26], and EfficientNet [22]
are frequently employed. For short video clips, 3D CNNs [27] extend
this framework by jointly modeling spatial and temporal
information.

e Object Detection (Fig. 2 (a-b)): Object detection simultaneously
localizes and classifies objects within an image, typically through
bounding box prediction and associated class labels. In livestock
monitoring, detection models are used to identify individual pigs,
count animals in pens, localize body parts, or detect specific in-
teractions. Common architectures include two-stage detectors such
as Faster R-CNN [28] and one-stage detectors such as YOLO (You
Only Look Once, [29]) and SSD (Single Shot Detector, [30]).
Recently, another architecutre, the transformer-based [31] de-
tectors, including DETR [32] and its variants such as RF-DETR [33],

(a) Pig with 1 frontal line and 3 back lines.

(d) Lateral lying.

(b) 1 frontal line and 1 back line.

(e) Dog-sitting position.
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have gained attention due to their end-to-end formulation and
improved handling of complex scenes.

Semantic and Instance Segmentation (Fig. 2 (c)): Segmentation
predicts a class label for each pixel, rather than assigning a single
label to the entire image or to a bounded region. In semantic seg-
mentation, pixels are categorized by class (e.g., animal versus
background), whereas instance segmentation additionally distin-
guishes between individual objects, enabling separation of individ-
ual pigs within a group. Pixel-level delineation provides spatially
explicit representations that support quantification of posture,
locomotion, social interactions, and spatial distribution within pens,
as well as extraction of specific body regions such as head, tail, or
ears. Representative architectures include U-Net [34], DeepLabV3+
[35], and Mask R-CNN [36] which integrates detection and instance
segmentation.

Pose Estimation (Fig. 2 (d)): Pose estimation detects anatomical
keypoints (e.g., ears, nose, neck, vertebral column, tail, legs) and
infers skeletal structure, enabling fine-grained characterization of
body configuration and movement. In pig production, pose estima-
tion has been used to monitor locomotion, detect lameness, and
assess recovery after injury. Temporal analysis of keypoint trajec-
tories allows automated quantification of behaviors such as standing,
walking, or lying. State-of-the-art frameworks include OpenPose
[371, HRNet [38], and DeepLabCut [39] which have been adapted to
animal pose estimation tasks.

Action Recognition (Fig. 3): Action recognition extends image-
based classification to video sequences by explicitly modeling tem-
poral dynamics. The objective is to identify complex behaviors that
unfold over time, such as aggression, social interaction, or farrowing
events. In group-housed pig systems, one study combined 3D CNNs
with a temporal attention mechanism to detect aggressive in-
teractions and distinguish play from conflict behaviors with high
precision [40]. Common architectures for temporal modeling
include 3D CNNs, ConvLSTM networks [41], and transformer-based
sequence models.

3. Methodology
3.1. Review protocol

This systematic review followed the PRISMA 2020 guidelines [42].

(f) Ventral lying.

Fig. 1. Example of image classification. (a)-(c) show pigs classified according to the number and position of spray lines on their bodies. (d)-(f) show pigs classified

according to their pose.
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Fig. 2. Examples of multiple computer vision downstream tasks. (a) object detection with bounding boxes; b) object detection with oriented bounding boxes; c)

semantic segmentation and d) keypoints detection.

i+1 th frame

i+3 th frame

Fig. 3. Example of a frame sequence used for behavior recognition using CNN and LSTM (Long Short-Term Memory) models. Spatial features are extracted from
individual frames by the CNN, while the LSTM models temporal dependencies across frames to capture the evolution of the action over time. Reproduced from [39].

The protocol comprised four stages: planning, execution, quality
assessment and data extraction, and reporting.

Step 1: Planning. The planning phase defined the review rationale,
research questions, search strategy, and explicit inclusion and
exclusion criteria. Relevant scientific databases were identified, and
search strings were constructed to capture DL-based computer vision
studies in pig-focused precision livestock farming.

Step 2: Execution. Search queries were applied to titles, abstracts,
and keywords in the selected databases. Retrieved records were
screened against the predefined eligibility criteria, followed by full-
text assessment. Backward and forward citation tracking was con-
ducted to identify additional relevant studies.

Step 3: Quality assessment and data extraction. Eligible studies
were appraised using predefined quality criteria. For each included
paper, data were extracted regarding study objectives, PLF applica-
tion category, datasets, computer vision models and architectures,
evaluation protocols, publication metadata, and reported technical
challenges.

Step 4: Reporting. Findings were synthesized according to the four
research questions. Results were presented through narrative anal-
ysis and supported by tables and figures summarizing model usage,
datasets, application domains, evaluation metrics, and other char-
acteristics across the included studies.

3.2. Research questions

Four research questions (RQs) were formulated to guide data
extraction and synthesis:

e RQ.1: What are the problems solved using CV for PLF in pig
production?

e RQ.2: What are the CV models and networks used for PLF in pig
production?

e RQ.3: What are the evaluation metrics used for CV models for PLF in
pig production?

e RQ.4: What are the challenges associated with the CV-based pig
identification, detection, behavior and health monitoring?

3.3. Databases and search strategy

The following three databases were selected for this study: Science-
Direct, Scopus, and Web of Science. The initial search process began
with the formulation of keyword-based search strings. At the outset, the
keywords “pig” OR “sow” OR “weaner” OR “piglet” OR “fatten*” were
used to retrieve all relevant studies. However, the results included
studies unrelated to the focus area, such as those pertaining to human
research. To refine the search and ensure a focus on computer vision
applications, additional keywords such as “computer vision” OR “ma-
chine vision” were incorporated.

A simplified search strategy was deliberately employed by avoiding
overly specific terms. For instance, words such as “action” and “activity”
(related to “behavior”), “artificial intelligence” (related to “deep
learning™), and “analysis,” “detection,” and “classification” (related to
“recognition”) were not explicitly included in the search strings. This
approach allowed for a broader retrieval of relevant studies, even when
such terms were absent from the metadata of the selected databases.

The following database-specific search queries were used:

Scopus: TITLE-ABS-KEY(("pig" OR "sow" OR "weaner" OR "piglet" OR
"fatten*" OR "swine") AND ("computer vision" OR "machine vision"))
ScienceDirect: Title, Abstract, Keywords: (("pig" OR "sow" OR
"weaner" OR "piglet" OR "fatten*" OR "swine") AND ("computer
vision" OR "machine vision"))

e Web of Science: ALL=(("pig" OR "sow" OR "weaner" OR "piglet" OR
"fatten*" OR "swine") AND ("computer vision" OR "machine vision"))

The literature search was performed in June 2025, and the review
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includes studies published up to this date. No additional search updates
were conducted prior to submission.

3.4. Selection criteria

The initial search yielded a large number of irrelevant publications.
To refine the selection and ensure alignment with the research objec-
tives, inclusion and exclusion criteria were established to identify pub-
lications relevant to the research questions [43]. Each publication was
systematically evaluated against these criteria. A publication was
selected if all exclusion criteria were false and all inclusion criteria were
true.

Following the database queries, 1068 studies were initially retrieved.
After removing duplicates, 674 papers were selected for metadata
screening (Fig. 4). At this stage, publications were excluded if:

e The publication was not related to pigs or did not employ deep
learning computer or machine vision techniques.

e The publication was not written in English.

e The full text was unavailable.

e The publication was a book chapter, conference abstract, data
article, mini-review, short communication, thesis, review, or survey
article.

e The publication abstract was missing.

e The publication was a preprint or had not undergone peer review.

e The publication was published before 2015.

Records identified from databases
n = 1068

Records screened
n =674

Records included after metadata and
abstract screening
n =225

Records included into critical appraisal
n =162

Studies included in the review

n=131
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After applying these criteria, 162 articles (Fig. 4) were advanced to
full-text evaluation using the CASP-based checklist [44]. All titles and
abstracts of the retrieved records were then screened by V. Zivkovié¢ and
H-R. Nasser. The full texts of the remaining records were independently
screened and discussed by V. Zivkovi¢ and H-R. Nasser. To find further
articles covering the topic, V. Zivkovi¢ screened the reference list of the
shortlisted articles and the articles that cited the shortlisted articles. The
results were again discussed and selected by two reviewers (V. Zivkovié
and H-R. Nasser). Finally, data extraction was performed independently
by two authors (V. Zivkovié¢ and H.-R. Nasser). The extracted data were
subsequently cross-checked, and any disagreements were resolved
through discussion and consensus. Because all disagreements were
resolved by consensus, no formal inter-reviewer agreement was
calculated.

3.5. Critical appraisal

The critical assessment relied on ten criteria that included relevance,
model clarity, application specificity, study design transparency, data
set detail, evaluation quality, reproducibility, presentation of the results,
discussion of limitations, and contribution to research gaps (Table 1).

Each of these criteria were checked to rate the articles. Per criteria
met, half or full point was given. Thus, a maximum of 10 points could be
scored. Detailed scoring can be found in the supplementary material.
During the critical appraisal step, 31 papers were further excluded
because they were not related to the topic (thermal or 3D imagery, not

Duplicate records removed
n =394

Records excluded after metadata and
abstract screening
n =449

Records excluded after additional full-
text screening
n =63

Rejected after critical appraisal
n=31

Fig. 4. PRISMA flow diagram illustrating the study selection process for this review.
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Table 1
Criteria used to assess studies included in the review, with corresponding de-
scriptions and maximum scores (total possible score = 10).

Smart Agricultural Technology 15 (2026) 102426

Table 2
Categories of information (extracted variables) collected for each research
question during data extraction.

No.  Criterion Description Max score Research Question Extracted Variables

1 Relevance to review Focus on pigs and use of computer 1 RQ1: Problems addressed Animal category; application domain; Visiotype;

scope vision techniques (0.5+0.5) PLF application type; subapplication; behavioral

2 Computer vision CV task clearly defined and model 1 focus; study objectives.

pipeline clarity or preprocessing steps explained (0.5+0.5) RQ2: Models and architectures ~ Computer vision task (classification, detection,

3 Application area Application area clearly linked to 1 segmentation, pose, action recognition); CNN

defined pig welfare or productivity architecture name; model family; transformer

4 Study design Experimental setup described and 1 model (if applicable); tracking algorithms;

transparency rationale provided (0.5+0.5) downstream modeling approaches.

5 Evaluation quality Performance metrics reported and 1 RQ3: Evaluation methods and Evaluation metrics including Accuracy, Precision,
CV-relevant evaluation methods (0.5+0.5) performance metrics Recall, Specificity, Sensitivity, AUC, F1-score, F-
used measure, mAP, mAP50, mAP50-95, IoU, mloU,

6 Dataset description Sufficient details on dataset 1 MAE, MSE, RMSE, PCK, R?, Correlation
characteristics and annotations (0.5+0.5) coefficient, FPS, FLOPs/GFLOPs/BFLOPs, HOTA,
provided MOTA, IDF1, and other task-specific metrics.

7 Reproducibility Source code shared or software tools 1 RQ4: Technical and practical Reported challenges such as occlusion,

(code/software) clearly stated (0.5+0.5) challenges overlapping animals, behavioral complexity,

8 Results detail Quantitative results reported with 1 lighting variability, camera position, image
visualizations or examples (0.5+0.5) quality, posture recognition difficulty, hardware

9 Bias and limitations Discussion of weaknesses such as 1 limitations, pen environment constraints, dataset

discussed occlusions, farm variability, or (0.5+0.5) availability, annotation tools, labeled data

biases
Study offers new insights, roadmap, 1
or highlights missing elements

10 Contribution to
research gaps

related to deep learning) and therefore were not included in the final list
for the critical appraisal. A distribution of appraisal scores is shown in
(Fig. 5).

3.6. Data extraction and synthesis

The 131 primary studies (scoring > 8 on the appraisal checklist) were
systematically analyzed using a structured extraction framework
aligned with the four research questions. A standardized spreadsheet
(provided in the supplementary material) was developed to ensure
consistent data collection across studies. Each row represented a study,
and variables were organized according to the corresponding research
question.

Table 2 summarizes the categories of information extracted for each
research question.

3.7. Overview of the included studies

Before addressing the research questions in detail and to characterize

[ Excluded (<8) M Included (=8)

100

75
7]
2
°
2
[

S 50
]
o
£
3
=z

25

0

1
6 8 10
Total Score

Fig. 5. The distribution of critical appraisal scores. The red dotted line shows
the cutoff score for inclusion in the next stage; orange bars reflect papers
scoring less than 8, and blue bars those scoring 8 or higher.

volume, image resolution, and code availability.
Publication year; journal; authorship; dataset
characteristics (number of labeled images/videos,
training/testing split); image size; software and
code availability.

Additional information

the current research situation on the topic, we provide a descriptive
overview of the metadata of the selected studies, including the journals
in which they were published, the most active authors, and the distri-
bution of pig categories represented. Fig. 6 summarizes the journals that
published at least three of the studies included in this review. Computers
and Electronics in Agriculture is the most prominent journal, with 28
papers meeting the inclusion criteria. It is followed by Biosystems En-
gineering with 9 papers and Agriculture with 7 papers. Several other
journals contribute a smaller number of articles, indicating that research
on CV-based PLF in pigs is concentrated in a limited set of specialized
venues but also present in a broader range of agricultural and engi-
neering journals.

Fig. 7 depicts the distribution of publications by author among the
selected studies. T. Norton appears as the most prolific contributor, with
14 papers included in this review, followed by Y. Xue and M. Oczak,
each with 7 publications. A long tail of authors is represented by one or a
few papers, reflecting a mix of established research groups and emerging
contributors to the field.

The distribution of pig categories across the selected studies is shown

30

28 (21.4%)

n
=}

Number of Papers

=

Journals (appearing more than 3 times)

Fig. 6. Distribution of the top selected papers (N = 131) published per journal
(only journals with at least three included papers are shown).
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=)

)

6(4.6%) 6(4.6%) 6(4.6%) 6(4.6%) 6

Number of Papers (unique papers per author)
ES e

Author

Fig. 7. Distribution of the papers included in the study by the most active
authors (top 25).

in Fig. 8. Adult pigs are markedly over-represented, whereas piglets and
sows appear less frequently as focal subjects. This imbalance suggests
that current CV research in PLF has largely emphasized growing-fin-
ishing pigs, with comparatively fewer efforts dedicated to early life
stages or reproductive animals.

4. Definitions

To ensure terminological clarity in the subsequent sections, we
define here the four key terms used to structure and populate the
extracted dataset: application, visiotype, behavior, and behavioral
category. The extracted dataset itself is provided as an Excel file in the
supplementary materials.

Application refers to the production-level objective for which a
sensing or computer vision system is deployed within a precision live-
stock farming framework. It defines the management purpose of the
technology, such as health monitoring, welfare assessment, reproduc-
tion management, breeding, productivity assessment, or activity moni-
toring. In other words, the application specifies why the system is
implemented in the production context. The applications represented in
this dataset are: Activity Monitoring, Welfare, Breeding and Reproduction,
Productivity Assessment, Health Status.Visiotype The term visiotype is
used here to denote any algorithmically extracted, biologically or
operationally interpretable visual variable derived from animal imag-
ery, spanning a hierarchy from perception-level proxies (e.g., detection,
tracking, counting) to higher-level inferences (e.g., behavior recogni-
tion, weight estimation). In precision livestock farming (PLF), visiotypes
correspond to algorithmically extracted outputs that serve as observable

Animal Category Piglets [l Pigs (Unspecified Category) [l Sows

100 (71.4%)

Number of Studies
wu ~
o (4,1

n
a

18 (12.9%)

Pigs (Unspecified Category) Sows Piglets
Animal Category

Fig. 8. Distribution of papers (N=131) by pig category (pigs (unspecified
category), sows, piglets).
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proxies for an animal's biological state, condition, or behavior and that
support monitoring and decision-making.

Visiotypes are not restricted to any single level of the computer
vision processing hierarchy. Rather, they span a continuum from
perception-level proxies (e.g., detection, tracking, counting) to higher-
level inferences interpreted within a biological or production context
(e.g., behavior recognition, weight estimation, estrus detection). What
unites them is not their algorithmic complexity but their interpretability
as management-relevant variables: a low-level output such as detection
is itself a visiotype when it answers a production question (for instance,
counting animals or estimating space occupancy) rather than serving
only as an intermediate step toward a downstream task. In this sense,
visiotypes capture what the system ultimately quantifies, detects, esti-
mates, or tracks in relation to the animal and its environment, and the
layered relationships among them are described further in Section 7.

The visiotypes included in this dataset are: Behavior Recognition, Body
Part Detection, Body Size Estimation, Counting, Detection, Estrus Detection,
Face Recognition, Farrowing Behavior, Feeding Behavior, Identification,
Occlusion Resistant Piglets Detection, Occlusion Robust Piglets Detection,
Posture Recognition, Re-Identification, Respiration Rate Monitoring, Shoul-
der Lesion Detection, Stress Monitoring, Tracking, and Weight Estimation.

Behavior denotes a specific, observable, and operationally defined
action that can be directly annotated or detected by a computational
model. In this review, the term behavior is used as an umbrella concept
that encompasses multiple ethological domains, including social,
feeding, exploratory, reproductive, maternal, excretory, damaging, and
postural behaviors. Each behavior therefore represents the most gran-
ular level of behavioral description in the dataset and belongs to one of
these broader behavioral categories. For instance, actions such as
fighting or head-to-body knocking are classified as aggressive behavior,
tail or ear biting fall under damaging behavior, feeding and drinking
belong to feeding behavior, while actions such as standing, sitting, or
lying correspond to postural behavior. The behaviors included in this
dataset are: Fighting, Tail Biting, Head-to-body Knocking, Mounting, Ear
Biting, Head-to-head Knocking, Body Pressing, Head Biting, Urination,
Engagement with Enrichment Objects, Investigating, Rooting, Drinking,
Eating, Nursing, Suckling, Lactating, Nest Building, Standing, Lying Down,
Sitting, Lateral Lying, Sternal Lying, Moving, Kneeling, Farrowing, Playing,
and Nosing.

Behavioral category refers to a broad ethological domain
describing a biologically meaningful class of actions expressed by pigs. It
captures functional activity systems that group related actions according
to their biological role within the production environment. The behav-
ioral domains represented in this dataset are: Aggressive Behavior,
Excretory Behavior, Exploratory Behavior, Damaging Behavior, Feeding
Behavior, Maternal Behavior, Postural Behavior, Reproductive Behavior,
and Social Behavior.

5. Results

This section synthesizes the findings of the 131 included studies in
alignment with the four research questions. Quantitative summaries (e.
g., distributions, heatmaps, and temporal trends) are complemented by
qualitative interpretation to identify dominant application domains,
prevailing modeling strategies, evaluation practices, and persistent
technical challenges. A consolidated, task-based overview integrating
these four dimensions for each task category is provided in Table 3
(Section 5.7).

5.1. RQI1: What are the problems solved using CV for PLF in pig
production?

To address RQ1, we identified primary visiotypes (defined in Section
4). A summary of these associations is illustrated in Fig. 9, which uses a
heatmap to reveal frequently co-occurring pairs. Additionally, Table 4
shows a detailed listing of the mapping between Applications, Visiotypes
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Task-based (visiotype) synthesis of the reviewed deep-learning 2D computer-vision studies in pig PLF.

Visiotype (task n Input Annotation type Common model families Typical evaluation Main reported limitation
category) metrics
Behavior 41 RGBvideo/  Varies: boxes, keypoints, or YOLO, ResNet/VGG/EfficientNet, 3D- Accuracy, precision, Behavioral complexity/
recognition image clip/frame labels CNN, + LSTM/ConvLSTM, ST-GCN recall, F1 ambiguity; temporal
modeling; rare-class
imbalance
Posture 26 RGB image Varies: boxes or class labels YOLO, Faster R-CNN, ResNet, Mask R- Accuracy, precision, Posture ambiguity; occlusion;
recognition (some keypoints/masks) CNN, HRNet recall, F1, mAP imbalance of rare postures
Detection 21 RGB image Bounding boxes YOLO (v3-v10), Faster R-CNN, SSD, mAP, mAP50, Occlusion and overlap in
RetinaNet, DETR/RF-DETR mAP50-95, AP50/ group housing; variable
AP75, precision, recall illumination
Tracking 16  RGB video Boxes + consistent track IDs  Detector (YOLO) + SORT/DeepSORT/ MOTA, MOTP, IDF1, Identity switches under
ByteTrack/BoT-SORT; FairMOT HOTA, ID-switches occlusion/crowding; long-
term re-association
Identification / 12 RGBimage Individual ID labels (crops, CNN classifiers (ResNet, DenseNet, Accuracy / top-1, F1 Appearance change over time;
Face / Re-ID / video faces); varies ShuffleNet, MobileNet), ViT, Re-ID (Re-ID: rank-1, mAP) visually similar individuals;
networks re-ID drift
Counting 8 RGB image Varies: points/dots, boxes, Density networks (CSRNet, MCNN, MAE, RMSE, counting Dense crowding and
or density maps CClustNet), YOLO, segmentation accuracy occlusion; scale variation
Weight / Body- 8 RGB image Masks / keypoints / Mask R-CNN / segmentation + regression, ~ RMSE, MAE, MAPE, R?>,  Calibration / scale reference;
size estimation (top/side morphometric landmarks EfficientNet, CNN regressors correlation posture and viewpoint
view) variation
Other specialized 14  RGBimage Task-dependent (boxes, Task-specific (YOLO, Faster/Mask R- Task-dependent (mAP, Small per-task samples;
visiotypes / video masks, keypoints, or labels) CNN, RetinaNet, CenterNet) accuracy, RMSE) occlusion; subtle or rare

clinical/reproductive signs

Stress Monitoring

Shoulder Lesion Detection
Respiration Rate Monitoring
Re-Identification

Occlusion Resistant Piglets Detection
Occlusion Robust Piglets Detection
Feeding Behavior

Farowing Behavior

Estrus Detection

Body Part Detection

Body Size Estimation

Weight Estimation

Face Recognition

Identification

Counting

Tracking

Detection

Posture Recognition

Behavior Recognition

Visiotype

Application

Fig. 9. Heatmap of visiotypes vs applications (distributed by the number of
studies). Eight applications are shown on the x-axis and 19 visiotypes on the y-
axis. The intensity of the color reflects the number of times these combinations
appeared in the screened articles. The most common combination is Welfare
using Behavior Recognition as a visiotype, followed by Activity Monitoring
using Detection and Tracking. Some combinations are not shown, either
because they are not possible or because they have not yet been explored. For
example, Health Status never appeared using Detection or Tracking
as visiotype.

with a references to each study. Further, it lists additional information
needed for further sections.

Activity monitoring represents the predominant application of
computer vision (CV) in precision livestock farming (PLF) for pig pro-
duction (n="74). Across these studies, activity monitoring is inferred
using ten distinct Visiotypes. The most frequently employed within this
category are Detection (n = 17), Tracking (n = 14), Posture Recognition
(n=13), and Behavior Recognition (n = 10). Methodologically, activity
monitoring predominantly relies on movement-based visual indicators.
Detection and tracking constitute the foundational components for
assessing locomotion and general activity dynamics [11,98,171].
Detection is slightly more prevalent, as it is sufficient for frame-level
tasks such as animal counting and estimating space occupancy [64].

In contrast, tracking enables the temporal association of individuals
across frames and is therefore particularly relevant for quantifying
locomotion trajectories and movement dynamics [102]. Behavior
recognition typically builds upon tracking outputs, leveraging spatio-
temporal movement information to quantify locomotor activity, social
interactions, and broader behavioral patterns, which constitute key
objectives of activity monitoring systems [172,173]. Posture recogni-
tion, by comparison, is used to discriminate between standing, lying,
and sitting positions in order to characterize activity states [88,174].
The selection between behavior recognition and posture recognition
appears to depend on the granularity of analysis required and the spe-
cific biological question under investigation.

The second most represented application is Welfare (n = 39), with 7
Visiotypes, driven primarily by Behavior Recognition (n=24) and
Posture Recognition (n = 8). In this context, behavior recognition was
frequently employed to detect abnormal or harmful behaviors such as
tail-biting and aggression [138,147], while posture recognition was
used to assess inactivity, discomfort, or other welfare-related indicators
[163,175]. Behavior and posture based Visiotypes are particularly
suitable for welfare assessment, as many welfare impairments manifest
through observable changes in activity patterns and social interactions.

Breeding and Reproduction (n=16) shows 8 Visiotypes distribu-
tions. Alongside Behavior Recognition (n=4), these application rely
mainly on Estrus Detection (n = 2) and Farrowing Behavior (n = 2), with
Occlusion-Robust Piglet Detection (n=2) and Occlusion-Resistant
Piglet Detection (n=1). Estrus detection models typically identified
mounting behavior and increased activity levels [115], while farrowing
behavior systems monitored nest-building activity and posture transi-
tions prior to partus [117]. Piglet detection approaches were particu-
larly relevant for monitoring sow—piglet interactions and reducing piglet
crushing risk [118]. Despite their direct relevance to reproductive effi-
ciency and piglet survival, these applications remain comparatively
underrepresented in the literature. This limited number of studies may
reflect the technical challenges associated with occlusions, complex
sow-piglet interactions, and the need for high temporal precision during
critical reproductive events.

In Productivity Assessment (n = 9), the dominant visiotype is Weight
Estimation (n=05), followed by Body Size Estimation (n=2) and
Behavior Recognition (n = 2). These studies primarily used 2D imaging
techniques to estimate live body weight or extract morphometric fea-
tures such as body length and surface area to evaluate growth
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Table 4
Mapping between applications, visiotypes, included studies, computer-vision tasks and model families. A check mark (v') indicates that the study used the corre-
sponding CV task or model family.

CV Task Model family
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(continued on next page)
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performance [17,176,177]. Although weight and body size estimation
are directly linked to production efficiency and economic return, the
relatively limited number of studies suggests that automated produc-
tivity assessment remains less explored compared to activity and welfare
monitoring.

The Health Status (n=8) category incorporates a broader range of
specific visiotypes. Posture Recognition (n=3) is the most common,
supplemented by Body Part Detection (n=1), Behavior Recognition
(n=1), Respiration Rate Monitoring (n = 1), Shoulder Lesion Detection
(n=1), and Stress Monitoring (n = 1). These approaches targeted early
detection of health problems, including lameness [127], respiratory ir-
regularities [18], skin lesions [129], and physiological stress responses
[128]. This may be due to the complexity of capturing subtle clinical
signs through visual data alone, particularly for internal or physiological
conditions that are not easily observable.

Overall, the results demonstrate that activity and behavior-related
visiotypes dominate current CV applications in PLF for pigs, while
more specialized physiological and health-related indicators remain
comparatively underrepresented.

5.2. RQ2: What are the CV models and networks used for PLF in pig
production?

Across the reviewed studies, object detection architectures constitute
the dominant class of models. In particular, the YOLO family, Faster R-
CNN, and SSD are the most frequently adopted frameworks. These
models demonstrate robust performance under commercial barn con-
ditions and are widely applied to tasks such as estrus detection [113],
piglet tracking [171], and tail-biting detection [151]. Their popularity is
largely explained by their balance between detection accuracy, infer-
ence speed, and robustness to occlusion and variable illumination.

For pixel-level analysis, instance segmentation models are predom-
inant. Mask R-CNN and its variants are commonly used for precise body
contour extraction, posture classification, and behavioral monitoring in
group-housing environments, including crowded pens [120,156]. These
architectures enable fine-grained spatial reasoning, which is critical for
distinguishing overlapping animals and extracting posture-related
visiotypes.

Individual identification is typically addressed through CNN-based
image classification approaches using face or head images of pigs.
Lightweight and customized CNN architectures frequently achieve ac-
curacies exceeding 95%, enabling non-contact and scalable individual
tracking [86]. More recent systems incorporate vision transformers
(ViT) and multimodal transformer-based architectures, which enhance
spatial-temporal modeling and improve robustness across lighting
conditions and viewing angles [154].

At the task level, object detection is the most prevalent computer
vision formulation in the dataset, followed by classification and

Object Detection 73 (40.8%)

Segmentation 27 (15.1%)

Classification

Tracking

Keypoints Detection

Feature Extraction 10 (5.6%)
Regression

Pose Estimation

Computer Vision Task

Re-Identification
Optical Flow
Counting f§ 1 (0.6%)

Action Recognition { 1 (0.6%)

oS o & o

Number of Studies

Fig. 10. Distribution of computer vision task types (e.g., detection, classifica-
tion, segmentation) across the selected studies.
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Fig. 11. Distribution of model families (e.g., YOLO, Faster R-CNN, ResNet,
VGG) used in pig-focused PLF studies.

segmentation (Fig. 10). This distribution reflects the operational prior-
ities of precision livestock farming, where identifying individuals,
localizing animals, tracking movement, and detecting specific behaviors
are central functional requirements.

Fig. 11 summarizes the distribution of model families. The most
frequently adopted architectures are YOLO and Faster R-CNN for object
detection, Mask R-CNN for instance segmentation, and ResNet and VGG
for image classification. Together, these model families account for the
majority of implementations across studies. In contrast, alternative ar-
chitectures such as MobileNet and EfficientNet are only sporadically
used and represent a minor share of the total.

Beyond the primary vision architectures used for image-based
feature extraction, several studies employ additional machine learning
models to analyze the extracted features. The primary models (typically
CNN or related vision architectures) process individual frames to detect
animals, localize body parts, or estimate postures and other visual at-
tributes. The resulting features are then used as inputs to secondary
models that perform higher-level inference, such as detecting behaviors
from temporal movement patterns. As shown in Fig. 12, Long Short-
Term Memory (LSTM) networks are the most frequently employed
secondary models, particularly in behavior recognition pipelines where
temporal dependencies are essential [144]. These recurrent architec-
tures enable the modeling of sequential movement patterns and transi-
tions between behavioral states.

Transformer-based architectures remain comparatively underrepre-
sented. Although they began appearing in the literature around 2019,
they account for less than 15% of all reported models (Fig. 13). This
indicates an early-stage or cautious adoption of transformer paradigms
in pig-specific PLF research, despite their rapid expansion and demon-
strated advantages in broader computer vision domains.

5.3. RQ3: What are the evaluation metrics used for CV models for PLF in
pig production?

Evaluation of computer vision (CV) models in pig systems relies on a
heterogeneous set of metrics that depend on the underlying task. To
improve interpretability, the reported metrics were grouped into four
families: Classification / Recognition, Detection / Segmentation, Tracking,
and Regression / Efficiency / Pose.

Classification and recognition studies are most commonly evaluated
using Accuracy, Precision, Recall, F1-score, Specificity, Sensitivity, and
AUC. These metrics are primarily used in studies addressing posture
recognition, behavior recognition, identification, and related classifi-
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Fig. 12. Distribution of downstream models (e.g., LSTM, transformers) by CV task type.
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Fig. 13. Share of CNN-based versus transformer-based architectures over time.

cation tasks. Detection and segmentation studies rely mainly on overlap-
and precision-based metrics such as mAP, mAP50, mAP50-95, AP50,
AP75, IoU, mlIoU, and MAR [92,118,144]. Multi-object tracking systems
are typically assessed using MOTA, MOTP, HOTA, IDF1, and the abso-
lute number of ID-switches [67,103]. Finally, regression and estimation
tasks, such as body-weight or body-size estimation, are evaluated using
error-based metrics including MAE, MSE, RMSE, and MAPE, together
with correlation-based measures such as R? and correlation coefficients
[176]. This last group also includes computational and pose-related
metrics such as FPS, FLOPs, GFLOPs, PCK, and MPCK.

Two complementary aspects were examined: (1) how frequently
individual metrics were reported across the included studies, and (2) the
distribution of their reported numerical values.

Fig. 14 summarizes metric usage across the four groups. Within the
Classification / Recognition family, Precision, Accuracy, and Recall are
the most frequently reported metrics. In the Detection / Segmentation
family, MAP50, mAP50-95, and mAP appear most often, indicating the
predominance of modern detection benchmarks. In Tracking, MOTA and
IDF1 are the dominant evaluation metrics, while in Regression / Effi-
ciency / Pose, FPS, R?, RMSE, and MAE are the most frequently reported.
Overall, the results suggest that evaluation practices in pig-focused PLF
studies largely follow the conventions of the broader computer vision
literature, but remain fragmented across task types.

Fig. 15 shows the distribution of reported values for the directly
comparable performance scores (the bounded, higher-is-better metrics
on a common 0-100 scale grouped by task family). These scores
concentrate near the upper end of the scale, reflecting the widespread
reporting of high performance. Because evaluation metrics otherwise
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differ markedly in scale, direction, and units, the complete set (including
error-based, runtime, computational-complexity, and count metrics that
cannot share an axis) is summarized individually in Table 5, which re-
ports for each metric its direction of improvement, the number of
reporting studies, and the median and range of reported values.

5.4. RQ4: What are the challenges associated with the CV-based pig
identification, detection, behavior and health monitoring?

Since barn environments are heterogeneous, robustness and gener-
alizability are also core evaluation aspects. CV systems are therefore
tested under lighting variation, occlusions, and across distinct farms or
pen designs to quantify domain-shift performance and cross-farm
generalization [71,178-180]. For practical on-farm deployment, addi-
tional operational metrics are considered, such as camera quality and
hardware utilization [156]. Finally, dataset quality plays a critical role:
studies often report inter-annotator agreement and annotation diversity.

The challenges reported across the included studies are summarized
in Fig. 16. Because many studies report more than one challenge, the
values are expressed as a share of all challenge occurrences (n =264
mentions) rather than as a proportion of the 131 studies. Occlusion was
the most frequently cited challenge (80 mentions, 30.3%), followed by
lighting variability (39 mentions, 14.8%), behavioral complexity (36
mentions, 13.6%), posture-recognition difficulty (28 mentions, 10.6%),
overlapping animals (23 mentions, 8.7%), pen-environment constraints
(23 mentions, 8.7%), inconsistent image quality (18 mentions, 6.8%),
hardware limitations (11 mentions, 4.2%), and camera-position issues
(6 mentions, 2.3%). Table 6 breaks these challenges down by application
(study type): occlusion predominates in activity-monitoring studies,
with overlapping and pen-environment constraints likewise concen-
trated there (group housing), whereas behavioral complexity is most
frequent in welfare studies.

These findings highlight the need for models capable of handling
heterogeneous recording conditions on farms and suggest that cross-
farm validation and multimodal data integration remain insufficiently
explored.

5.5. A closer look at behavior recognition

Given that behavior recognition emerged as the most frequently re-
ported visiotype (Fig. 9), we conducted a more detailed analysis of this
subset of studies. In particular, we examined (i) whether the contribu-
tion was methodological or application-oriented, (ii) how this distribu-
tion evolved over time, and (iii) which behavioral domains were most
frequently addressed.

To better characterize the research landscape, each study was cate-
gorized as either method-focused or application-focused. Method-focused
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Fig. 14. Frequency of reported evaluation metrics across the included studies, grouped into four families: Classification/Recognition, Detection / Segmentation,
Tracking, and Regression / Efficiency / Pose. Precision, Accuracy, and Recall are the most frequently reported classification metrics, while MAP50 and mAP-based

measures dominate detection and segmentation studies.

papers propose novel architectures, substantial model adaptations, or
domain-specific computer vision techniques tailored to pig production.
In contrast, application-focused papers primarily adopt established ar-
chitectures (e.g., YOLO, Faster R-CNN, ResNet) to automate behavioral
observation tasks or to evaluate feasibility in practical farm settings.
Here, application refers to the use of largely off-the-shelf models without
major architectural innovation.

Fig. 17 presents the yearly distribution of both categories. From
approximately 2023 onward, method-focused studies account for nearly
half of all published work in behavior recognition. This shift indicates a
growing investment from the engineering and computer vision com-
munities in developing problem-specific solutions rather than relying
solely on model transfer from general vision benchmarks.

The distinction between methodological and application-oriented
work is further reflected in publication venues. As shown in Fig. 18,
method-focused contributions are predominantly published in engi-
neering and computer vision journals, whereas application-focused
studies appear more frequently in animal science and agricultural
journals. This pattern highlights a disciplinary divide between algo-
rithmic innovation and domain-driven deployment.

Regarding behavioral targets, posture-related behaviors (e.g., lying,
sitting, standing) are the most frequently studied (Fig. 19). Their
dominance is likely linked to annotation simplicity and clear visual
separability. Feeding-related behaviors (feeding, drinking) form the
second-largest cluster. In contrast, aggressive and damaging behaviors
are comparatively underrepresented, despite their high relevance for
welfare assessment and herd management.
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Finally, Fig. 20 maps behaviors (colored by category) to their asso-
ciated application domains. Notably, postural behaviors contribute
across all application types, whereas several behavior categories are
confined to a single application area. For example, social and aggressive
behaviors are reported exclusively in studies targeting welfare
applications.

5.6. Further analysis

Beyond the primary research questions, additional aspects extracted
from the review table were examined. In particular, annotation prac-
tices, an essential component of supervised computer vision (CV) model
development, were analyzed. Fig. 21 presents the distribution of anno-
tation software reported across the reviewed studies. Open-source tools
were most frequently used, particularly for object detection and seg-
mentation tasks, reflecting their accessibility and broad adoption within
the research community. In contrast, comparatively fewer studies re-
ported the use of proprietary or custom-developed annotation systems.

Reproducibility was also assessed through reported data and code
availability. This aspect is particularly relevant in agricultural CV
research, where datasets are frequently farm-specific and not publicly
accessible. Fig. 22 summarizes the proportion of studies that shared
datasets, source code, both, or neither. Only 0.7% of the reviewed pa-
pers provided both dataset and code. Approximately 5.2% shared code
only, while 7.5% made datasets publicly available. The majority of
studies did not provide either resource, limiting direct reproducibility,
benchmarking, and independent validation.
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Fig. 15. Boxplots of reported evaluation metric values, grouped into four families: Classification / Recognition, Detection/Segmentation, Tracking, and Regression /
Efficiency / Pose. The figure illustrates the within-metric distribution of reported values across studies; because several metrics have different scales and units,

comparisons should be made within rather than across metric types.

Image resolution characteristics were additionally examined. Fig. 23
shows that 1920 x 1080 and 1280 x 720 (both widescreen formats)
together with 1024 x 768 are the three most frequently reported reso-
lutions across studies.

Fig. 24 presents the distribution of the number of labeled images
used per study (excluding extreme video-frame outliers) and highlights
the top three most common ranges. Higher image resolutions provide
greater spatial detail, which is beneficial for fine-grained tasks such as
segmentation; however, they also increase computational demands
during training and inference.

5.7. Task-based synthesis

To complement the per-question analyses and provide a single task-
oriented overview, Table 3 consolidates the reviewed studies by visio-
type (task category). For each category it reports the number of studies
(consistent with Fig. 9), the typical input, the annotation type, the most
common model families, the most frequently reported evaluation met-
rics, and the main reported limitation. Annotation type is intrinsically
determined by the task for primitive vision tasks (boxes for detection,
masks for segmentation, keypoints for pose) and varies only for higher-
level visiotypes such as behavior recognition; segmentation and pose
estimation are therefore treated as cross-cutting methods (Section 5.2)
rather than standalone categories. This view integrates the problem
(RQ1), model (RQ2), evaluation (RQ3) and challenge (RQ4) dimensions
for each task in one place.

5.8. Validation practices
To complement the reported metrics, we assessed the validation

design of every included study (Table 7). A train/validation/test split
was reported by 125 studies (95%), but a genuinely independent test set
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(one not composed of random frames from the same videos or animals
used for training) could be confirmed in only 58 (44%); for a further 48
the split was too under-described to verify. Cross-validation was used in
13 studies and temporal validation in only 15; the remaining 103 used
neither. Most importantly, external or cross-farm validation was re-
ported in just 17 studies (13%): 93 drew all data from a single source and
91 from a single site. We accordingly judged the risk of data leakage to
be high in 45 studies, most often from random frame-level splitting of
continuous video or from augmentation applied before splitting. This
weakness is common to every task category (Table 7): external/cross-
farm validation never exceeded 28% (tracking) and was absent for
classification, while data-leakage risk was high in roughly a third or
more of detection, classification, and segmentation studies. These pat-
terns indicate that the predominantly high metrics summarized in
Table 5 are typically obtained under within-dataset, single-site condi-
tions and may overstate real-world, cross-farm performance.

6. Discussion of gaps and promising future research directions

The synthesis of the reviewed literature highlights substantial
methodological progress in DL-based computer vision for pig produc-
tion, but also reveals structural limitations that constrain cumulative
scientific advancement and large-scale deployment.

6.1. Data availability, representativeness, and standardization

A primary bottleneck concerns data availability, representativeness,
and standardization. As summarized previously, most studies rely on
datasets collected in single facilities under relatively homogeneous
housing and environmental conditions. Such restricted sampling limits
external validity and cross-farm generalization. Moreover, annotation
practices vary considerably, both in labeling granularity and behavioral
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Table 5

Summary of reported evaluation metrics across the included studies, grouped by
metric family. Metrics are summarized individually because they differ in scale,
direction and interpretation and cannot be compared across families. 1 = higher
is better, | = lower is better. n = number of studies reporting the metric; Median
and Range are over the reported values (Range shown as “—” when n=1).
Bounded performance scores lie on a 0-100 scale; a few studies reported mAP,
mAP50-95, FPR or correlation on a 0-1 scale, left as reported (hence the low
minima). ID-switches are absolute counts; FLOPs/GFLOPs/BFLOPs are
computational-complexity measures and FPS is inference speed, so none are
comparable to the 0-100 scores. MAPE includes one high outlier (82.4 %); the
single PCK value (11.4) is unusually low and is reported as found.

Metric Direction n Median Range (min-max)
Classification / Recognition

Precision 1 55 95.2 31.0-99.9
Accuracy ) 47 95.3 61.5-99.8
Recall 1 45 93.7 68.6-99.3
F1-score 1 33 93.7 66.0-99.8
Sensitivity 1 10 92.5 78.6-100.0
Specificity 1 10 98.0 93.8-100.0
AUC 1 6 95.0 85.2-99.2
TAR 1 1 99.7 —

FPR | 1 0.10 —
Detection / Segmentation

mAP50 1 33 95.0 24.6-99.5
mAP50-95 1 14 70.0 0.26-97.0
mAP 1 13 83.2 0.93-99.9
AP50 1 9 96.5 84.6-99.5
AP75 1 7 84.1 74.3-98.9
mloU 1 5 88.3 81.7-95.9
IoU ) 4 78.8 69.0-89.3
MAR 1 2 79.9 73.4-86.4
TIoU 1 1 96.8 —
Tracking

MOTA 1 16 93.5 80.9-99.8
IDF1 1 11 94.1 80.9-99.9
HOTA 1 2 76.3 67.9-84.7
MOTP 1 1 84.1 —

OTA 1 1 92.7 —

OTP 1 1 68.8 —
ID-switches 1 3 24 18-165 (count)
Pose

MPCK 1 1 95.3 —

PCK 1 1 11.4 — (low; verify)
Error / regression (lower is better)

MAE | 9 1.25 0.43-6.01
RMSE 1 9 2.13 0.85-7.67
MSE 1 3 0.32 0.08-4.45
MAPE | 3 2.82 1.97-82.41 (%)
Agreement / fit (higher is better)

R? 1 10 86.3 67.0-99.3
Correlation 1 1 0.92 —
Inference speed

FPS 1 11 29.0 6.4-75.0
Computational complexity (lower is better)

GFLOPs | 4 9.5 4.9-25.2
FLOPs 1 3 78.7 8.0-88.8
BFLOPs 1 1 4.96 —

definitions (see Table 2). The distribution of annotation tools (Fig. 21)
further indicates reliance on heterogeneous workflows, often without
reported inter-annotator agreement. This fragmentation complicates
reproducibility and benchmarking. The limited availability of shared
datasets and code (Fig. 22) reinforces this concern, despite increasing
recognition of standardized PLF datasets as a prerequisite for progress
[16]. Future research should prioritize the creation of openly accessible,
collaborative, multi-site benchmark datasets with harmonized behav-
ioral ontologies and clearly documented annotation protocols as
described in [181].

6.2. Architectures and representation learning

From a methodological perspective, the dominance of CNN is evident
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80 (30.3%)

39 (14.8%)
Behavior Complexity 36 (13.6%)
Posture Recognition

28(10.6%)

Pen Environment

Challenge Type

Overlapping
Image Quality 18 (6.8%)
Hardware Limitation 11 (4.2%)

Camera Position

0 25 50 75
Number of mentions (264 total)

Fig. 16. Distribution of technical and environmental challenges reported in the
reviewed studies. Percentages are computed over the total number of challenge
occurrences across all studies (n=264), not over the number of included
studies; because a study may report multiple challenges, the counts sum to more
than 131 and the percentages sum to 100%.

(Fig. 13), with YOLO-based detectors and CNN classifiers constituting
the prevailing backbone architectures (Fig. 11). While these approaches
have demonstrated robust performance for detection, counting, and
posture classification tasks, more recent representation learning para-
digms remain comparatively underexplored. Transformer-based models
and hybrid CNN-Transformer architectures (Fig. 13), which have shown
strong performance in general vision tasks, are only beginning to emerge
in pig-related applications [33,154]. Given their capacity for global
context modeling and long-range dependency capture, they are partic-
ularly promising for complex group-level behavior analysis. In addition,
self-supervised and foundation-model approaches, increasingly dis-
cussed in broader Al-for-livestock contexts [178,182], may reduce
reliance on fully annotated datasets and mitigate one of the central cost
drivers in PLF vision research.

6.3. Task scope and behavioral modeling

Task scope also reveals an imbalance. As illustrated in Fig. 10,
foundational perception tasks (e.g., detection, segmentation, tracking)
substantially outnumber higher-level behavioral inference tasks.
Although aggression detection and tail-biting prediction are represented
[40,153], longitudinal modeling of social dynamics, dominance hier-
archies, and early-stage welfare deterioration remains limited. Many
studies operate at frame-level classification, whereas socially meaning-
ful events are intrinsically temporal and relational. Future work should
therefore emphasize spatiotemporal modeling frameworks, including
sequence-based architectures and interaction-aware models capable of
capturing inter-animal relationships over extended time horizons.

6.4. Evaluation and validation practices

Evaluation practices further limit comparability. As shown in
Figs. 14 and 15, performance metrics are reported inconsistently across
studies, with varying use of accuracy, F1-score, mAP, and task-specific
indicators. Cross-study comparison is therefore difficult, and external
validation across farms is rare. Indeed, only 17 of the 131 studies (13%)
reported external or cross-farm validation (Table 7), and we identified a
high risk of data leakage in 45. Short evaluation windows and limited
environmental variability reduce confidence in real-world robustness.
Standardized benchmarking protocols and cross-site validation designs
are essential to ensure that reported performance translates to com-
mercial deployment. These gaps are, moreover, unevenly distributed
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Table 6

Smart Agricultural Technology 15 (2026) 102426

Reported challenges by application (type of study). Values are the number of included studies reporting each challenge within each application. Total is the number of
distinct studies reporting the challenge (matching Fig. 16). Because a study may serve more than one application, a row's cells can sum to more than its Total (same

convention as Fig. 9).

Challenge Activity Monitoring Welfare Breeding & Reproduction Productivity Assessment Health Status Total
Occlusion 41 23 9 5 5 80
Lighting 23 11 3 2 1 39
Behavior complexity 7 22 4 3 2 36
Posture recognition 12 9 2 4 2 28
Overlapping 15 5 2 0 1 23
Pen environment 16 3 4 0 0 23
Image quality 8 3 3 4 1 18
Hardware limitation 7 3 1 1 0 11
Camera position 1 2 1 1 2 6

Paper Type |1 Application [ll Method

30

Number of Papers
n
o

o

2018 2019

2020

2021 2022

Year

2023 2024 2025

Fig. 17. Yearly distribution of method-focused versus
focused studies.

application-

across tasks in ways that reflect underlying data constraints rather than
chance. Tracking shows the highest rate of external or cross-farm vali-
dation (28%; Table 7), because multi-object tracking is conventionally
benchmarked on held-out video sequences and its core value, preserving
identity across scenes, can only be demonstrated on footage from new

pens or farms. Classification studies, by contrast, reported no cross-farm
validation at all (0%), because posture- and behavior-recognition data-
sets are typically built by sampling additional frames from the same
fixed cameras, which lowers annotation cost but discourages sourcing an
independent site. Pose estimation carries the highest data-leakage risk
(60%): keypoint annotation is the most labor-intensive labeling task, so
datasets are small and drawn from few animals, and the resulting reli-
ance on dense frame sampling from continuous video, combined with
random frame-level splitting, places near-duplicate frames in both the
training and test sets. More broadly, annotation-cheap and data-rich
tasks such as detection and classification gravitate toward large
within-dataset splits, whereas annotation-expensive or less mature tasks
such as pose estimation and counting are more exposed to leakage, so
validation rigor tracks annotation cost, data availability, and task
maturity rather than being randomly distributed.

6.5. Multimodal and vision-language integration

While the present review is restricted to 2D computer vision ap-
proaches based on standard RGB imagery from visible-light cameras, it
is noteworthy that none of the surveyed studies adopt multimodal
foundation models in the contemporary sense of vision-language inte-
gration. All identified approaches operate within purely visual pipelines,
mapping images directly to task-specific outputs without leveraging

Application | Method |
Sensors 3 (5.8%)
Frontiers in Animal Science 6 (7.6%)
Computers and Electronics in "
E Agriculture 18 (25.0%)
2
Z Computers and Electronics in o
s Agriculture 15 (19.0%)
5
S
Applied Sciences 4.(7.7%)
Biosystems Engineering 7 (8.9%)
Agriculture 4.(7.7%)
0 4 8 12 16 0 4 8 12 16

Number of Papers

Fig. 18. Comparison of method- versus application-focused papers across the journals appearing more than three times in the reviewed studies.
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Fig. 19. Distribution of studied behaviors across method- and application-focused papers.
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Fig. 23. Distribution of the most frequently reported image resolutions.

textual context, semantic priors, or cross-modal alignment mechanisms.
Recent advances in large vision-language models (LVLMs) have
demonstrated strong generalization capabilities through joint visual-
—text representation learning and instruction tuning. The absence of
such architectures in RGB-based pig monitoring represents a conceptual
gap rather than a sensor-level limitation. Future research could explore
the integration of vision-language models to enable semantically richer
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Fig. 24. Distribution of the number of labeled images used per study
(excluding video-frame outliers).

behavioral interpretation, zero-shot or few-shot task adaptation, and
more flexible query-based monitoring systems (e.g., prompting models
with welfare-relevant descriptions). Investigating whether foundation
models pretrained on large-scale natural image-text corpora can be
effectively adapted to livestock production environments constitutes a
promising direction.

6.6. On-farm deployment and practical value

Finally, aspects related to practical on-farm deployment remain
insufficiently addressed and are rarely connected to reported perfor-
mance. The challenges summarized in Fig. 16 and Table 6 are precisely
those that erode field performance: occlusion and overlapping animals
in group housing (the most frequently cited challenges) reduce detection
and tracking reliability and drive identity switches, while inconsistent
image quality, camera-position constraints, and variable lighting further
limit robustness. Several practically critical factors, however, are re-
ported only sporadically: motion blur, lens soiling, and changes in pig
appearance across growth stages (all of which affect long-term accuracy)
are seldom evaluated. Indicators of real-time and edge feasibility are
likewise scarce: inference speed is reported by only a minority of studies
(median ~ 29 FPS; Table 5), and computational-complexity measures
(FLOPs/GFLOPs), on-device or embedded-hardware testing, mainte-
nance requirements, and economic or cost-benefit analyses are reported
even less often. Consequently, the suitability of most reviewed models
for continuous, low-latency operation on commercial farms cannot yet
be judged. Moving beyond algorithm-centric evaluation toward holistic
system validation (linking robustness under occlusion, lighting, and
crowding to real-time performance, edge-deployment cost, and long-
term operational stability) will be essential for translating these
methods into practice.

6.7. Summary and research priorities

In summary, advancing DL-based computer vision in pig production
is best understood not as a flat set of parallel goals but as three inter-
dependent layers. At the base lie the enabling conditions: standardized,
openly accessible multi-site datasets and harmonized evaluation and
benchmarking protocols. These are prerequisites rather than parallel
items, because without shared benchmarks and leakage-aware valida-
tion the field cannot reliably tell whether a methodological advance
represents genuine progress. Built on this base, the methodological
layer, namely broader adoption of transformer and self-supervised or
foundation-model architectures together with deeper modeling of tem-
poral and social behavioral dynamics and systematic multimodal inte-
gration, can be developed and, crucially, compared on a common
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Table 7
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Validation strategy of the included studies, by primary computer-vision task. Cells give the number of studies and, in parentheses, the percentage of the task's n.
“Independent test set” = a test set not composed of random frames from the same videos/animals used for training; “External / cross-farm” = evaluated on a different
farm, site, or dataset than used for training; “Single-site” = all data from a single site/farm; “High leakage risk” = our assessment, most often arising from random
frame-level splitting of continuous video or from augmentation applied before splitting. Values come from full-text reading of all 131 studies and are coded
conservatively: not-reported or under-described cases are not counted as positive. “Task” is each study's primary CV task; the final row is all 131 studies.

Task n Split reported Independent test set Cross-validation Temporal validation External / cross-farm Single-site High leakage risk
Detection 44 42 (95%) 20 (45%) 2 (5%) 5 (11%) 7 (16%) 32 (73%) 15 (34%)
Classification 29 28 (97%) 17 (59%) 6 (21%) 5 (17%) 0 (0%) 22 (76%) 9 (31%)
Segmentation 18 18 (100%) 3 (17%) 0 (0%) 0 (0%) 2 (11%) 13 (72%) 7 (39%)
Tracking 18 15 (83%) 12 (67%) 3 (17%) 5 (28%) 5 (28%) 11 (61%) 3 (17%)

Pose 10 10 (100%) 3 (30%) 0 (0%) 0 (0%) 2 (20%) 7 (70%) 6 (60%)
Counting 8 8 (100%) 2 (25%) 1 (12%) 0 (0%) 1 (12%) 3 (38%) 4 (50%)

Other 4 4 (100%) 1 (25%) 1 (25%) 0 (0%) 0 (0%) 3 (75%) 1 (25%)

All studies 131 125 (95%) 58 (44%) 13 (10%) 15 (11%) 17 (13%) 91 (69%) 45 (34%)

footing. The translation layer then converts validated methods into field-
ready systems: deployment under commercial conditions, real-time and
edge feasibility, maintenance, and economic or cost-benefit assessment.
Progress at each layer is gated by the one beneath it, since architectural
innovation yields little durable value until it can be benchmarked, and
benchmarked methods deliver impact only once they are translated to
the farm. Framing open benchmarks and evaluation protocols as the
enabling base, methodological advances as the middle layer, and
deployment and economics as the downstream translation layer clarifies
where coordinated investment is most needed to move from technically
promising prototypes to robust, field-ready precision livestock farming
solutions.

7. Synthesis: computer vision as an operationalization of
visiotypes

Taken together, the reviewed studies demonstrate that computer
vision in pig precision livestock farming functions primarily as a tech-
nological framework for extracting and operationalizing visiotypes as
defined in Section 4. Across applications, CV systems do not measure
welfare or productivity directly; rather, they quantify algorithmic out-
puts, such as Detection, Tracking, Behavior Recognition, Posture
Recognition, Body Size Estimation, Estrus Detection, or Weight Esti-
mation, which serve as proxies for biological state, performance, and
welfare conditions.

The distribution of visiotypes across applications (Fig. 9) reveals a
clear structural pattern. Foundational perception-level visiotypes (e.g.,
Detection and Tracking) dominate Activity Monitoring, forming the
computational basis for higher-level inference. Behavioral and posture-
based visiotypes are central to Welfare and Health Status applications,
reflecting the reliance on observable movement and interaction patterns
as indicators of animal condition. In contrast, morphometric visiotypes
such as Weight Estimation and Body Size Estimation are primarily
associated with Productivity Assessment.

This layered structure suggests that current CV systems in pig pro-
duction follow a hierarchical abstraction pipeline: low-level spatial
localization (Detection), temporal association of individuals (Tracking),
recognition of body postures (Posture Recognition), and finally higher-
level behavioral interpretation (Behavior Recognition). The biological
relevance of these systems therefore emerges not from the raw visual
input itself, but from the translation of algorithmic outputs into
measurable visiotypic indicators that can support monitoring and
management decisions. Table 3 operationalizes this view, summarizing
for each visiotype the typical input, annotation, models, metrics and
limitations.

Supplementary materials: Information extracted from the
reviewed papers is provided in the Supplementary Materials as an Excel
file. The code used to reproduce the figures is publicly available on
GitHub: https://github.com/nasserdr/SystematicLitteratureReview-CV-
Pigs-2025
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