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Abstract

Dairy cow management depends on repeated observations of behavior and physical condi-
tion to support health, welfare, and operational decisions, but these observations remain
labor-intensive. Deep learning (DL)-based computer vision can automate parts of this
work, although deployment requirements differ among management operations. This
operation-centered structured review retained 97 distinct publications. Five operations
were compared: lameness detection, behavior recognition, individual identification and
tracking, body condition score estimation, and body weight prediction. The compari-
son addresses management tasks, inputs, outputs, label requirements, validation designs,
and deployment constraints. It identifies shared concerns involving reference-standard
reliability, data-capture protocols, multi-animal scenes, identity continuity, cross-farm gen-
eralization, and data access. A qualitative three-part research agenda is proposed: candidate
foundations in reference standards and identity continuity; transfer and data infrastructure;
and conditional extensions involving multimodal and longitudinal evaluation.

Keywords: dairy farming; deep learning; computer vision; precision livestock farming;
behavior recognition; lameness detection; individual identification

1. Introduction

Dairy farming is highly dependent on signals of cow locomotion, posture, feeding,
drinking, lying behavior, and other daily activities to assess animal health, welfare, and
management status. However, interpretation of these signals still depends largely on
human observation, which restricts timely and appropriate intervention. To automate
this process, advanced technologies in data collection and image processing, including

W) Check for updates high-resolution sensing and computer vision, have begun to transform animal signals

R into actionable information for management decisions [1,2]. Because these technologies
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for computer-vision applications. More broadly, deep learning has been applied across
agricultural image analysis tasks [8].

In current computer-vision pipelines for dairy farming, common model families
include CNN-based image classifiers such as ResNet [9] and transformer-based image
classifiers such as ViT [10]. One-stage object detectors include YOLO variants [11-13] and
SSD [14]. Instance-segmentation models include Mask R-CNN [15], while a dairy-specific
Open Pose Mask R-CNN network has been proposed for individual cattle recognition [16].
General pose-estimation frameworks include OpenPose and DeepLabCut [17,18], which can
be adapted to extract posture or movement features. Tracking models, including BoT-SORT,
SORT, DeepSORT, and ByteTrack [19-22], maintain animal identity over time. Temporal
models, such as CNN-LSTM/LRCN and 3D CNN, classify behaviors or locomotion patterns
from video sequences [23,24].

The YOLO family [11-13] is highlighted as a representative detection family rather
than as the only important model, because many dairy computer-vision systems require
real-time cow localization before behavior recognition, individual tracking, mounting-
event detection, or downstream phenotyping can be performed. Recent dairy and cattle
studies illustrate this operational linkage. Improved YOLO models have been used for
standing, lying, walking, and mounting recognition, YOLO-BoT has combined cattle
behavior recognition with multi-object tracking; and Cow-YOLO has targeted mounting-
event detection [25-27]. Other model families also appear in dairy applications, including
CNN/depth-image models for body condition score estimation, Mask R-CNN-based seg-
mentation for body weight or identification pipelines, keypoint-based lameness analysis,
and spatiotemporal behavior recognition models [23,28-31]. Overall, algorithm choice is
closely tied to operation: detection provides localization, segmentation provides body-
region extraction, tracking provides identity continuity, and temporal or pose-based models
support behavior and lameness classification.

Existing reviews [32-34] have provided valuable summaries of DL in dairy and live-
stock systems, while other reviews focus on operations such as lameness or behavior
detection [35,36]. The present review adds an operation-centered comparison of manage-
ment purposes, evidence conditions, and deployment constraints. Its intended contribution
is a qualitative synthesis of how recurring barriers relate across operations, not an estimate
of field-wide prevalence or combine effect sizes.

Accordingly, this operation-informed structured narrative review has three objectives:
(i) to organize the retained literature around animal-level dairy-management operations;
(ii) to compare the operations by management task, required input, targeted output, label
requirement, validation design, and deployment constraint; and (iii) to translate the cross-
operation comparison into a qualitative, deployment-oriented research agenda.

2. Materials and Methods
2.1. Review Scope and Literature Organization

This article is an operation-informed structured narrative review. It is not a systematic
review or meta-analysis, and no statistical pooling of effect sizes was undertaken. The
review focuses on DL-based computer-vision applications at the individual-animal level
in dairy cows. General-purpose AI/CV /ML method publications were retained solely
to define technical context and were not treated as operation-specific dairy-management
evidence. Non-vision sensing approaches, including wearable precision technologies and
accelerometer-based behavior monitoring [37,38], as well as decision-support systems,
robotics, and farm-management software, are acknowledged as complementary technolo-
gies but remain outside the operation-specific synthesis. Because the cross-operation
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comparison and associated priorities are derived qualitatively, they are presented as a
research agenda rather than as empirically validated conclusions or a quantitative ranking.

Following the record-identification process summarized in Figure 1, an operation-
informed literature search was conducted across Web of Science, Scopus, ScienceDirect, and
Google Scholar for English-language literature published from 2016 through 8 July 2026
on DL-based computer vision in dairy cow management. Full-text assessment yielded
97 publications. The final database-specific strings and the date of the retrieval-count
recheck are reported in Appendix B Table A2. OpenAl tools assisted with candidate search-
term expansion, database-syntax adaptation and language editing. The first and second
authors jointly reviewed and classified all retained full texts and completed the detailed ex-
traction used for the operation-level synthesis. The third author contributed to preliminary
scoping and search development. The prompt provided to ChatGPT was: “I am preparing
a literature review on artificial intelligence and deep learning applications in dairy-cow
management. Please suggest additional English search terms and Boolean combinations
related to dairy cows, computer vision, deep learning, artificial intelligence, monitoring,
detection, recognition, estimation, prediction, tracking, and management. Format the terms
for Web of Science, Scopus, ScienceDirect, and Google Scholar where their syntax differs.
Do not select papers, judge eligibility, extract data, or make inclusion decisions.”

Records identified from databases (n = 274)

Web of Science — 54
Scopus = 47
ScienceDirect = 103
Google Scholar = 68

9‘ Duplicate records removed
‘ before screening (n = 132)

Records screened by title and abstract (n = 142)

Title/abstract records excluded (n = 40)
274132 =142

Full-text reports assessed for cligibility (n = 102)

Full-text reports excluded (n = 5)
Not DL-based computer vision (n=1)
142 —40=102 Outside dairy-cattle scope (n = 3)
B Background-only report outside technical context (n=1)

Publications retained after full-text assessment (n = 97)

102 -5=97

>y

Figure 1. Record-identification and screening summary for the operation-informed structured
narrative review. Counts describe retrieval and screening through 8 July 2026. Full-text assessment
yielded 97 retained publications.

The Al-suggested candidate terms were manually checked, edited, and combined
with author-defined terms. Search development was iterative and operation-informed:
broad dairy, AI/DL, computer-vision, monitoring, and management concepts were refined
with terms for the operations. The final strings in Appendix B Table A2 therefore document
the search state used for the 8 July 2026 recheck rather than a preregistered systematic-
review protocol. Operation labels structure the narrative synthesis, and their assignment
counts are not interpreted as database-wide prevalence, popularity, practical importance,
or economic value.

Database-specific syntax was adapted to the capabilities of each platform. Web of
Science used TS fields, Scopus used TITLE-ABS-KEY fields, ScienceDirect used platform-
compatible keyword combinations, and Google Scholar used simplified phrase combina-
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tions. Appendix B Table A2 reports the final strings used for the 8 July 2026 retrieval-count
recheck. Because the platforms differ in field tags and Boolean behavior, the queries are
operationally documented but are not strictly equivalent across databases.

Retrieved records were screened in stages. Duplicate records were checked manu-
ally, primarily using DOI information, after which titles and abstracts were assessed for
relevance. Full texts were then examined for either a clear contribution to the operation-
specific synthesis or a necessary technical or contextual role. After full-text assessment,
97 publications were retained. Each retained publication was counted once.

Primary operation-specific evidence was eligible when it (i) was a peer-reviewed jour-
nal article or full peer-reviewed conference paper published between 2016 and 8 July 2026,
(if) concerned dairy cows, (iii) used DL-based image or video computer vision, and (iv) ad-
dressed animal-level monitoring, recognition, detection, estimation, or prediction function.
Works were excluded from the primary operation-specific synthesis when their evidence
was predominantly sensor-, biosensor-, or milk-record-based rather than vision-based.
Operations supported by too little retained evidence for a comparable synthesis, including
feeding and rumination monitoring and reproductive monitoring, could remain visible
as secondary categories but were not developed as review sections. Figure 1 summarizes
retrieval and screening, whereas Appendix A Table Al is a manuscript citation map rather
than a one-to-one inventory of the screened publications.

ChatGPT assisted only with candidate search-term expansion, database-syntax adapta-
tion, and language editing. It did not retrieve or screen records, determine eligibility, retain
or exclude works, extract study characteristics, assign operation categories, or establish
research priorities. All tool outputs were reviewed and edited by the authors, who made
the final search, screening, coding, and interpretive decisions. A Generative Al Disclosure
is provided at the end of the paper.

2.2. Analysis Procedure

The narrative analysis organized the selected literature and supporting citations
by farming operation. For the operation-specific synthesis, sources were characterized
by management task, required input, targeted output, label or reference requirement,
deployment constraint, validation design, and main reported metric. For counting purposes,
each retained publication was assigned to one exclusive primary category based on its
principal management objective.

Management task denotes the practical farming purpose addressed by DL. Required
input denotes the sensing modality and capture conditions used to develop or evaluate a
model. Targeted output denotes the predicted variable or class, including animal identity,
behavior or locomotion class, body condition, and body weight. Label or reference require-
ment denotes the annotation or measurement used for training or evaluation. Deployment
constraint denotes a practical condition that may limit the intended use, such as camera
position, capture geometry, barn environment, occlusion, identity continuity, or controlled
animal posture.

The first author coded all retained publication records, and the second author sub-
sequently reviewed and cross-checked every record using the same predefined eligibility
criteria and extraction fields. Any discrepancies concerning eligibility, extracted study
characteristics, or operation-category assignments were resolved through discussion be-
tween the first two authors until consensus was reached. Because this procedure involved
full-record cross-checking rather than independent duplicate coding before consensus,
neither Cohen’s kappa nor a pre-consensus percentage agreement was calculated. The
third author contributed to the preliminary literature scoping and development of the
search framework.

https:/ /doi.org/10.3390/agriculture16141544


https://doi.org/10.3390/agriculture16141544

Agriculture 2026, 16, 1544

5 of 30

Table 1 summarized five reviewed DL operations in dairy farming and Table 2 ag-
gregates the operation assignments descriptively. Because study definitions, metrics, and
validation designs differ, the table does not provide a meta-analytic comparison or a vali-
dated deployment-readiness scale. Barriers were synthesized at the operation level rather
than coded as binary variables for each individual study. Accordingly, Table 3 presents
qualitative task-level relationships and does not report the number or proportion of studies
affected by each barrier.

Table 1. Summary of the five reviewed DL operations in dairy farming.

DL Operation Management Task Input Output Label Main Deployment Constraint
Early welfare and health ~ RGB video, pose/key Lameness class, E ¢l " Mild-case separation, scorer
Lameness detection intervention for points, depth or mobility score, rr:g);i;it Ozggg ton or variation, walking-view setup,
gait abnormality. back-posture data. gait/posture alert. y ' camera position.
Behavior Daily activity and time Continuous RGB or Behavior cl'ass, event Frame-, clip-, or Qcc}usion, ovgrlapping COWS,
.. AN A . sequence, time- event-level similar behaviors, rare events,
recognition budget monitoring. multi-view video. b . .
udget summary. behavior annotation. long sequences.
.. RGB image or video
Individual Link observations tothe  including body, face, or Cow ID, re-ID match, Individual ID and track Open herds, appearance change,
identification . . X . R dirt, lighting, overlap,
. correct cow over time. muzzle regions, tracking trajectory. labels across time.
and tracking . herd turnover.
geometric cues.
Nutrition, ener Top or rear depth images, Controlled posture, camera
Body condition balance r:e o dguyction RGB-D, point cloudsand ~ BCSclass or Expert BCS score or placement, body-region
score estimation and maéla pement ’ rump/body continuous score. scorer consensus. segmentation,
8 ’ region features. scorer inconsistency.
. Growth, nutrition, RGB/depth/3D images, . . Scale-measured body Structured capture, clean body
Bfil}gcvézlfht production, and point clouds, E;)dzovv\;;gg :sjtlmate weight paired with shape, accurate reference
P health planning. body measurements. & ’ image or time point. weight, limited data sharing.
The complete reference list contains 126 entries, including the retained publications
and 29 additional references used for methodological framing or discussion.
Table 2. Descriptive summary of technical and validation characteristics, organized by operation.
Here, n denotes the number of distinct publications assigned primarily to each operation. The
five rows summarize 79 publications assigned to the five principal operations. Four additional
operation-specific publications were assigned to reproductive monitoring or feeding and rumination
monitoring, while 14 general AI/CV /ML publications were retained only for technical context. These
18 publications are documented in Appendix C Tables A3 and A4 but are not summarized in Table 2.
Dataset ranges are the observed minima and maxima in the coded sources. Reported performance
ranges are task-specific and are not directly comparable across operations; they may also not be
directly comparable within an operation because outcome definitions, data splits, units of analysis,
and validation designs differ. The final column is a provisional qualitative interpretation rather than
a validated readiness score.
Operation (1) Input i\i/[e (;;:l;[lel:ﬁ;n‘;; Dataset Scale \];ael;ic;:lon External Validation Metric m:;zgiggglﬂymmt
\Il{geB;)O(rlllZ}; Training / test Feasibility shown
of Pose keypoints 22 to at least ng 1 direct; 4 partial/ mainly under
L RGB-D video X s N split, k-fold, . .
ameness (3), depth/3D- with a classifier, 2515 cows; up to rouned unclear or multi- AP/mAP controlled walking
detection - aep YOLO detection, 40,116 paired groupe setting components approximately  views; transfer across
_ only video or . R validation, or . o .
(n=18) . . spatiotemporal scores; 1 to . (5 of 18 with any cross- ~ 64.1-99.4% farms and scoring
images (3); CNN external multi- . R
. or LSTM 11 farms . setting evidence) protocols
often with farm comparison . .
pose keypoints remains uncertain.
15 to 107 cows
RGB or among studies Mostly image-,
. YOLO detection reporting a frame-, or Feasibility shown in
infrared- ith ki 1 hort: lip-level 0 held-out-farm tests; A ideo: occlusi
Behavior capable with tracking, complete cohort; clip-level 3 led ccuracy or RGB video; occlusion,
p . S poole
recognition video/images CNN-LSTM or more than train/validation/ multi-farm /multi-site mAP rare events, and
_ i R 8 3D-CNN, 1.7 million still test splits; . . approximately  individual-level
(n=22) (22); no . . 3 datasets without site- o .
- vision-language or  images or up to occasional 1o 75t0 99% continuity
non-visual I'model 206,100 vid day /locati held-out validation in limiti
sensor inputs temporal models 06,100 video ay/ ocation or remain limiting.
frames; 1 to later-video tests
7 farms /sites
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Table 2. Cont.
. Model Fami- Validation . . Provisional Deployment
Operation (1)  Input lies/Methods Dataset Scale Design External Validation Metric Interpretation
Mask R-CNN, Fixed-roster
lightweight 13 to 686 cows image/video Performance is
Individual RGB face, CNNs, among studies splits; several 0 strict zero-shot e strongest for fixed
. o ; C Identification
identifica- muzzle, body, face/muzzle reporting a com- cow-disjoint or external-farm tests; accurac rosters; open-set
tion and rear, or ear-tag encoders, pletecohort;upto  same-farm 1 cross-farm adapted a roxi}r/na tel recognition and
tracking imagery (17); contrastive or 33,019 identification ~ open-set tests; test; 7 animal-disjoint/ 8512 t6.99.7% v long-term identity
(n=18) depth/3D (1) few-shot images; mostly one cross-farm open-set evaluations ’ S stability
learning, 1 farm adapted remain uncertain.
and trackers tracking test
Image-level splits X
Body CNN classi- 56 to at least predominated; 2held-out-farm tests; v, .41 .05 -
. - . . no other quantified Feasibility depends on
condition . fiers/regressors; 3817 cows; up to cow-level e BCS 69.89 to
2D RGB (7); ) B external validation; o e controlled capture and
score depth or 3D (5) YOLOv5/8/11; 34,150 scored separation in ualitative 91.21%; within 2 consistent
estimation P Faster R-CNN; observations; 1to 4 studies; gecon d-farm examples 0.5BCS 89.96 scoring reference
(n=12) 3D pointcloudnets 20 farms/sites held-out-farm P t0 97.60% & ’
. were not counted
testsin 2
No unseen-farm
external validation MAPE
Depth or 3D Segmentation ) k-fold, leave-N- was ?ep.orted; three 2.03-4.53%; Feasibility depends on
. (4), RGB or i . 12 t0 914 animals; studies included structured capture
Body weight 3 with regression, cows-out, l6-locati MRE d calibrated
rediction st_ereo( % point-cloud or 3D up to cow-level split, or multi-location or 1.49-1.75%; R? and calibrate
p LiDAR or . 83,011 records; 1 . ! multi-herd data, but . p ’ reference weights;
n=9) reconstruction, comparison with 0.863-0.99;
RGB-D . to 3 farms . these were not cross-farm transfer
- CNN regression scale weight RMSE : -
fusion (2) evaluated as remains uncertain.
‘ 2.49-33kg
independent external
test sets
Table 3. Provisional operation-level mapping of cross-cutting barriers across five dairy DL operations.
Entries describe task-level relationships and are not study counts, prevalence estimates, or a validated
ranking. Direct indicates that a barrier is directly relevant to routine task evaluation or deployment;
conditional indicates relevance to workflows or time horizons, and potential identifies a candidate
methodological extension whose incremental value remains to be tested. The three agenda groups
are hypothesis-generating.
Provisional . Lameness Behavior . Body Body .
Agenda Group Barrier or Theme Detection Recognition ID/Tracking Condition Score ~ Weight Interpretation
Reference labels or
. . Reference-standard . . . . . measurements require
Candidate foundations and annotation reliability Direct Direct Direct Direct Direct task-specific
quality control.
Individual Applies when outputs
Candidate foundations . . - Conditional Conditional Direct Conditional Conditional must be linked to an
identity continuity R -
individual across time.
Transfer and Relevant when a model is
. Cross-farm generalization ~ Direct Direct Direct Direct Direct used beyond its
data infrastructure d .
evelopment setting.
Transfer and Data access Affects representative
. . . Direct Direct Direct Direct Direct training and independent
data infrastructure and interoperability s Jos
external validation.
Multimodal A candidate extension
Conditional extensions . - Potential Potential Potential Potential Potential whose incremental value
integration
must be demonstrated.
Loneitudinal Depends on repeated
Conditional extensions & / . Conditional Conditional Direct Conditional Conditional measurements and stable
end-to-end evaluation . P
identity linkage.
3. Results

3.1. Publication Trend

Figure 2 shows the publication-year distribution of the retained publications. The
annual number of publications remained at approximately five from 2016 to 2021 and
increased after 2022. This temporal association coincided with wider access to object-
detection and tracking frameworks, but it does not establish that any framework caused
the increase. Because the search was operation-informed and 2026 coverage ends on
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8 July 2026, the distribution is descriptive of the publications retained in this review rather
than an unbiased estimate of field-wide publication growth.

Publication timeline of retained papers

Bars: annual retained papers; line: cumulative retained papers; 2026 through 8 July

Total papers: 97

Annual retained publications
Cumulative retained publications

2018 2019 2020 2021 2022 2023 2024 2025
Publication year

Figure 2. Publication-year distribution of the 97 publications retained after full-text assessment from
2016 through 8 July 2026. Bars show the annual number of retained publications, and the line shows
the cumulative total. The 2026 interval is partial through 8 July.

3.2. Main Operation Identification

Figure 3 summarizes manuscript-level category assignments. Five operations were
selected for synthesis: behavior recognition, lameness detection, individual identification
and tracking, body condition score estimation, and body weight prediction. Their selection
used three combined considerations: each represents a distinct animal-level management
function, each has sufficient cited DL-based computer-vision evidence for cross-operation
comparison, and together they span routine observation, identity continuity, and capture-
constrained phenotyping. Assignment frequency describes coverage in this manuscript and
is not evidence of practical or economic importance. Reproductive monitoring and feeding
and rumination monitoring remain visible as secondary operation-specific categories but
were not developed as sections because the cited evidence was too limited for compara-
ble synthesis. The general AI/CV /ML method/background category supplies technical
context and, for a different reason, is also excluded from the five-operation comparative
synthesis. Accordingly, the grey bars in Figure 3 denote categories not included in that
five-operation synthesis, but only the general AI/CV /ML category is context-only.

The rationale for synthesis is operation-informed rather than count-based. The
five operations correspond to connected animal-level management decisions but differ
in biological signal, label type, time scale, and acceptable error [32,39,40]. Behavior recog-
nition describes what an animal is doing, whereas lameness detection evaluates whether
gait or posture indicates abnormal locomotion. Identification and tracking provide identity
continuity when observations must be linked to an animal over time. Body condition score
estimation and body weight prediction add slower phenotypic signals related to welfare,
nutrition, and production. Together, the operations support comparison across routine
monitoring, identity continuity, and structured phenotyping; their assignment frequencies
do not establish relative practical or economic importance.

Across the selected literature, several recurring methodological shifts can be identified,
although they did not occur uniformly across all operations. Earlier work often combined
engineered geometric, morphological, or gait features with classical learning methods.
Later studies increasingly used CNN-based classifiers, real-time detectors, and multi-
object trackers, followed by growing interest in pose estimation and transformer-based
representations. These shifts coincided with wider access to annotated datasets. The
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association is descriptive and does not establish that any single model family caused the
post-2022 increase in retained publications.

Behavior recognition 22
Individual identification and tracking 18
Lameness detection 18
Context-only general Al/CV/ML 14
Body condition score estimation 12
Body weight prediction 9
Reproductive monitoring 2

Feeding and rumination monitoring 2

0 5 10 15 20 25
Number of publications

Figure 3. Distribution of the 97 retained publications by category. Blue bars represent the
five principal operation categories included in the cross-operation synthesis. Grey bars represent
categories not included in that five-operation synthesis: two secondary operation-specific categories
with limited evidence and 14 general AI/CV /ML publications retained only for technical context.
The two secondary categories remain operation-specific, only the general AI/CV /ML category is
context-only. Each publication is counted once. Appendix A Table Al provides the citation map, and
Appendix C Tables A3 and A4 provides the corresponding study-level fields.

3.3. Deep Review of Lameness Detection and Behavior Recognition

Lameness detection and behavior recognition are examined in greater detail because
both address repeated animal observation, have sufficiently broad cited evidence for within-
operation synthesis, and illustrate different temporal and labeling requirements. This
analytical emphasis does not imply that the other operations have lower practical value.

3.3.1. Lameness Detection

Lameness detection is an important dairy computer-vision application because lo-
comotion abnormalities can inform welfare assessment, treatment timing, production
management, and culling decisions. Visual scoring is labor-intensive and may vary among
observers, which motivates automated support while also complicating the reference stan-
dard. The cited lameness literature includes 3D video and back-posture measurement,
optical-flow or action-recognition networks, YOLO-based gait features, depth-camera
top-view classification, and attention- or keypoint-based models [41-49].

Many lameness studies use controlled walking settings, such as alleys, exit lanes, or
post-milking passages [50]. These settings make stride, back posture, limb movement,
and gait asymmetry easier to observe, but they also bound the conditions under which
performance is evaluated. The use of biologically interpretable gait signals gives lameness
detection a clearer connection to biomechanics than many other dairy vision tasks. However,
capture conditions are not standardized across farms, which limits transfer from a single
controlled setting.

Methodologically, DL applications in recent lameness studies [29,50-52] can be
grouped into three broad directions by different inputs and targeted outputs. The first
direction uses pose or key point extraction followed by kinematic or postural features for
classification. This route is common because lameness is closely related to visible changes
(e.g., weight-bearing pattern), so a feature-based pipeline preserves a clearer link between
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movement abnormality and the final decision [35]. The second direction uses multi-stream
learning to combine appearance, motion, or skeleton information. This strategy is often
adopted when subtle lameness-related changes are difficult to capture from a single visual
cue alone [53]. The third direction moves toward end-to-end video classification, where the
goal is to reduce manual feature design and simplify the inference pipeline for practical
deployment [54]. These routes therefore reflect not only model preference, but also different
ways of matching the learning strategy to the biological signal, the available data, and the
intended use of the system.

However, the main limitations also remain across the literature. Detecting mild
lameness remains a core challenge, as subtle gait changes are often difficult to separate
from normal or borderline locomotion, particularly in early-stage cases where timely
intervention would be most beneficial [55]. Label quality is another recurring concern,
since ground truth annotations depend on subjective visual scoring by human observers,
and inter-scorer agreement is often inconsistent, introducing noise into training data and
undermining model reliability [56]. Beyond the data itself, environmental and practical
factors also limit real-world performance. Variations in floor type, lighting conditions,
camera angle, surface contamination such as dirt or manure, and differences in the animal’s
walking pace can all degrade detection accuracy, making it difficult to generalize models
trained under controlled conditions to the diversity of on-farm settings [57]. These issues
explain why strong results from one farm or one camera setup often do not transfer
cleanly to another. For this reason, the future value of lameness detection may depend
less on reporting another high within-dataset accuracy and more on improving cross-farm
robustness, linking outputs to clinical action thresholds, and combining visual signals with
other contextual information that improves practical use.

3.3.2. Behavior Recognition

Behavior analysis is a major application of DL-based vision in dairy systems, with tar-
gets including feeding, locomotion, social behavior, and estrus-related activity [23,36,58-61].

Compared with lameness detection, behavior recognition covers a broader range
of operational targets, including feeding, drinking, lying, standing, walking, and
mounting [23,26,60], as well as rumination [62] and respiratory behavior [63]. Such systems
may support feeding-time analysis [58], estrus-related monitoring [61,64], and broader
activity or welfare assessment [59,65]. Cited studies use CNN-, pose-, YOLO-, attention-,
and spatiotemporal approaches for feeding, ingestive, daily, and multi-animal behavior
recognition [66-77]. Long video streams available in barns make this application attrac-
tive, but availability of video does not by itself resolve annotation, occlusion, or identity
limitations [78,79].

The cited studies generally follow two broad routes [23,27,59,64]. One route uses short
video clips and spatiotemporal models that learn from motion over time. The other first
detects or tracks cows and then classifies behavior from clips, shorter segments, or events.
The appropriate route depends on whether the intended output is group-level or animal-
level, whether identity continuity matters, and whether the target behavior is common or
rare. Group summaries may not require persistent identity, whereas an individual time
budget or rare-event history requires localization and association of the relevant animal.

Behavior recognition remains incomplete as a farm tool [59]. Visually similar or co-
occurring behaviors can be confused; for example, standing and feeding may overlap
from some camera angles [27]. Brief events also create class imbalance, as illustrated by
mounting behavior [26]. Within-dataset accuracy may therefore overstate field performance
for rare but management-relevant events. General methodological approaches that may
be relevant include class re-weighting [80], loss [81], targeted augmentation or synthetic
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and simulated video [82], few-shot learning [83], and anomaly-detection formulations [84].
These references provide candidate methods rather than dairy-specific evidence that the
problem has been solved. Recent dairy studies continue to report sensitivity to occlusion,
environmental variation, and single-farm evaluation [58,60,64]. Reviews also identify
inconsistent benchmarks and the need for stronger temporal and contextual evaluation [36].

This point links behavior recognition to identification and tracking. A group-level
behavior summary can be useful without individual identity, but a persistent record of
one cow’s behavior over days or weeks is more informative for animal-level management.
Such histories may also be interpreted alongside slower phenotypic signals such as body
condition or body weight. Behavior recognition can therefore function either as a stand-
alone group-monitoring task or as part of a longitudinal individual-cow system.

3.4. Other Important Operations

The three remaining operations are also important for dairy management, although
their deployment requirements differ from those of lameness detection and behavior
recognition. Their treatment here is shorter because the review uses them primarily for
cross-operation comparison, not because assignment counts determine farm value.

3.4.1. Individual Identification and Tracking

Identification and tracking constitute important supporting functions in dairy manage-
ment because many decisions depend on repeated observations of the same animal [85,86].
Without stable identity, behavior histories can fragment, lameness alerts are harder to
attribute, and longitudinal phenotyping becomes less reliable. The broader literature on
livestock DL identifies individual recognition as a component of precision farming [39,87]
and notes that long-term re-identification in real herds remains difficult [39,87]. Related
studies have used muzzle images, facial or body appearance, multimodal identification,
transfer learning, few-shot learning, and multi-cattle tracking to maintain identity across
views and time [39,88-96].

Data collection remains challenging because commercial dairy herds are neither closed
nor visually uniform environments [16,31]. Animals overlap, dirt changes visible appear-
ance, lighting varies, and herd composition changes over time. A method developed for
a fixed roster and a single camera view may lose reliability when new animals enter or
appearance changes over months. Identification and tracking therefore function both as
an operation and as a source of uncertainty for downstream animal-level longitudinal
tasks [39,97].

3.4.2. Body Condition Score Estimation

Body condition score estimation has progressed steadily because it targets a phe-
notype that is visually tied to body shape, especially around the rump and hindquarter
region [98,99]. This operation is important for nutrition, energy balance, reproduction,
and transition-cow management. Recent DL studies have applied image- and video-
based models to automated BCS estimation [100-102], including an improved YOLOv5
pipeline that detects and segments individual cows and assigns body condition scores
from group-state video [100]. In many studies, depth images, top-view images, or point-
cloud representations are used because geometry is more informative than color or texture
alone [30,98,101-103]. Additional BCS studies have tested 2D or 3D imaging, regression-
based scoring, score-class design, and annotation-region effects for automated body condi-
tion prediction [104-106].

Body condition score estimation has shown feasibility under structured capture, but
continuous deployment remains dependent on imaging position, animal posture, and
reliable segmentation of the relevant body region [99,102]. It also depends on expert
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scoring for labeling and validation, and variation among scorers can affect both training
and performance interpretation [101,102]. The cited evidence therefore supports task
feasibility under defined protocols, not a general conclusion that routine deployment is
already mature.

3.4.3. Body Weight Prediction

Body weight has been identified as one of the main target traits for DL and image
analysis in cattle because it supports growth monitoring, nutrition management, and pro-
duction decisions [107]. However, this area contains a wide range of approaches, including
classical regressors on engineered shape features as well as DL models based on images,
depth data, or point clouds [28,108]. Additional body weight studies use deep neural
networks, semantic segmentation, modality comparison, image-based heifer mass predic-
tion, and 3D reconstruction to infer live weight from visual measurements [109-113]. This
makes the category methodologically less settled than lameness or behavior recognition.

Compared with body condition score estimation, body weight prediction usually benefits
from structured capture geometry and accurately timed reference measurements [107,114].
It is often framed as scheduled phenotyping rather than continuous monitoring, and the
visual observation must be paired correctly with scale weight. Transfer learning and flexible
image-based methods may reduce local data requirements, but cross-farm usefulness still
depends on capture compatibility, population differences, and access to representative
validation data. Body weight prediction is therefore best interpreted here as a phenotyping
application whose deployment conditions must be specified, rather than as a universal
real-time monitoring solution.

3.5. Cross Comparison

The five dairy-management operations are compared across management purposes,
required inputs, targeted outputs, label or reference requirements, validation designs, and
deployment constraints.

For management tasks, identification and tracking are mainly built around detection,
tracking, and re-identifying individual animals. Behavior recognition and lameness detec-
tion are more focused on classification of temporal or visual patterns, although they may
also include detection and tracking as upstream steps. Body condition score estimation
and body weight prediction are closer to estimation or prediction tasks because they aim to
infer physiological state or body mass from visual information [115,116].

For input type, lameness detection and behavior recognition often rely on video and
RGB data because motion is an important part of the signal [23,29,57]. Identification and
tracking are also commonly based on RGB and video data, although some studies use
additional geometric information. By contrast, body condition score estimation and body
weight prediction often benefit more from depth images or point-cloud data because body
geometry is closely related to the targeted output for these two operations [30,117].

For output type, lameness detection produces categorical or ordinal outputs such as
lameness class, mobility score, or gait-abnormality alert. Behavior recognition outputs
behavior classes, event sequences, or time-budget summaries. Identification and tracking
output cow identity, re-identification matches, or tracking trajectories over time. Body
condition score estimation outputs a BCS class or continuous score, whereas body weight
prediction outputs a body weight estimate or growth trend.

Labeling requirement is where many practical bottlenecks arise. Lameness detection
requires reliable expert locomotion or mobility scores, but label quality, mild-case separa-
tion, and farm-to-farm variation remain limiting factors [52]. Behavior recognition requires
frame-, clip-, or event-level annotations [23,58,59,78]. Occlusion and overlapping animals
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complicate behavior-label assignment [27,58,60], while rare events such as mounting create
substantial class imbalance [26]. Individual-level behavior histories additionally require re-
liable identity continuity [27,79]. Identification and tracking require persistent identity and
track labels across time and views, which become unstable under open-set conditions [118].
Body condition score estimation depends on expert scoring consistency and controlled body
positioning, while body weight prediction depends on accurate reference measurements
paired with clean body-shape extraction [107,119].

For deployment, lameness and behavior systems can be linked to repeated barn
observation, but their practical validity remains conditional on the represented camera
and animal-flow conditions [54,57,58,60]. Identification and tracking are most important
when outputs require animal-level continuity over time. Body condition and body weight
systems more often use controlled camera placement or structured imaging locations, so
conclusions should remain bounded to those workflows [120,121].

The differences across these operations are summarized in Table 1.

Table 1 provides a qualitative comparison of the five operations in terms of man-
agement purpose, typical inputs and outputs, reference requirements, and deployment
constraints. Table 2 complements it with a descriptive summary of input modalities, model
families, dataset scales, validation designs, external or multi-farm evaluations, reported
metrics, and provisional deployment interpretations. Because the cited studies differ in
task definition, dataset composition, unit of analysis, and validation design, Table 2 is
neither a meta-analysis nor a ranking of operations. Its counts and ranges summarize
the 79 publications assigned to the five principal operations. The remaining 18 retained
publications comprise four studies in the two secondary operations and 14 context-only
technical-method publications, all documented in Appendix C Tables A3 and A4.

Table 2 describes substantial variation in sensing configurations, model families,
dataset scales, and validation designs. Appendix C Table A3 provides study-level extraction
data for the publications summarized in Table 2 and for those assigned to the two secondary
operation categories. Appendix C Table A4 lists the context-only general AI/CV/ML
publications. The operation-level counts and ranges reported in Table 2 can therefore be
verified against the corresponding records in Appendix C Table A3.

The reported ranges combine non-equivalent outcomes, including accuracy, average
precision, body condition tolerance, mean absolute percentage error, coefficient of deter-
mination, and root mean square error. A numerically higher value in one row therefore
cannot be interpreted as stronger evidence than a value in another row. The lameness
literature includes an example of evaluation beyond the development setting [122], but the
operation-level external-validation counts and ranges are author-compiled summaries that
can be checked against the study-level records in Appendix C Table A3. Inference speed,
computing requirements, and benchmark-dataset identifiers were not reported consistently
enough for reliable aggregation. The table identifies validation and reporting gaps; it
does not establish that current accuracy is sufficient or that further model development
is unimportant.

4. Discussion

Tables 1 and 2 indicate that several deployment barriers recur across the five operations,
although their form and importance differ by task and intended use. The following sections
distinguish reference-related limitations, capture-dependent constraints, multi-animal and
temporal variation, and the role of individual identity continuity. The discussion then uses
these themes to formulate a provisional research agenda derived from qualitative synthesis
rather than an empirically validated ranking.
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4.1. Label Reliability

Label reliability differs in form across the five operations and cannot be represented by
a simple objective-to-subjective hierarchy. Body weight can be paired with a physical scale,
but calibration error, measurement timing, and incorrect image-to-weight matching can still
affect the reference value. Lameness detection and body condition score estimation depend
more strongly on expert assessment, which may vary among observers and near category
boundaries. Behavior categories may be defined explicitly, but continuous activity must be
segmented into frames, clips, or events, creating uncertain transition boundaries. Posture
and activity can also co-occur, so single-label schemes may conceal overlap. Identification
and tracking likewise require reliable identity and track references during occlusion or herd
change. Inter-observer agreement is not a universal numerical ceiling on model performance;
it is evidence of reference uncertainty against which model results should be interpreted.

4.2. Data Capture Protocol

Data-capture protocol affects both deployment scope and interpretation of reported
performance. The protocol defines the visual domain in which a model was developed and
evaluated. A lameness model trained on a fixed side-view passage addresses a different
operating condition from a model intended for continuous observation in an open pen.
Likewise, a body condition model trained on standardized posture and camera geometry
should not be assumed to perform under arbitrary views. Controlled capture is not
inherently a weakness when it is a practical component of the intended workflow. The
limitation arises when conclusions extend beyond the represented conditions.

Controlled protocols can reduce occlusion, background variation, and pose diversity,
whereas less constrained settings introduce additional failure modes. Studies should there-
fore report camera placement, field of view, lighting, animal flow, posture requirements,
the number of simultaneously visible animals, and exclusions of poor-quality observations.
These details define the conditions under which performance claims remain valid. Conse-
quently, the same metric name can represent substantially different levels of task difficulty
across capture settings [120,123,124].

4.3. Multi-Animal Scenes and Changing Conditions

Beyond capture protocols, multi-animal scenes and changing conditions create ad-
ditional processing challenges. Multi-animal scenes introduce occlusion, overlapping
detections, ambiguous animal-to-behavior assignments, and identity switches. Changing
conditions create distribution shifts across time, farms, camera systems, seasons, and herd
compositions. Both problems may affect several operations, but their importance depends
on the intended capture workflow and management output.

4.3.1. Scenes with Many Animals

In free-stall barns, cameras often observe several animals simultaneously. Occlu-
sion and overlap can obscure body regions, confuse behavior labels, and cause identity
switches. Some lameness, body condition, and body weight systems deliberately reduce
these difficulties by observing one animal at a time in a passage or structured capture
area [54,120,121]. Such configurations are valid deployment designs, but their results
should remain bound to the corresponding workflow. Systems intended for open-pen use
require separate evaluation under representative crowding and occlusion.

4.3.2. Conditions That Change over Time

Deployment conditions change after model development. Animals enter and leave the
herd, and appearance varies with growth, coat condition, dirt, lactation stage, camera view,
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lighting, and season. Models trained on fixed rosters or narrow environmental conditions
may lose accuracy when new animals appear or the visual domain changes. Temporal and
cross-farm distribution shifts should be distinguished from limited data access: the former
is a model-transfer problem, whereas the latter limits the evidence available to study and
validate transfer.

4.4. Identification and Tracking

Individual identity continuity is required when observations must be linked to the
same animal over time. It is not a universal prerequisite for every computer-vision out-
put: group-level summaries or per-observation classifications may remain useful when
identity is unnecessary or supplied by another farm component. By contrast, individual
time budgets, mobility trajectories, condition trends, and growth curves require reliable
association across observations. Identification and tracking should therefore be treated as
enabling infrastructure for animal-level longitudinal applications, not as an unavoidable
visual module for every operation.

Within a vision-based pipeline, association errors can propagate into downstream
records. A mis-association attributes an observation to the wrong cow, whereas fragmen-
tation divides one animal’s history among several identities. The downstream effect is
not described by a universal numerical bound because it depends on the error type, event
frequency, and aggregation rule. When identity is part of the proposed pipeline, studies
should evaluate end-to-end performance using estimated rather than ground-truth identity
and report identity switches, track fragmentation, open-set recognition, and the resulting
change in downstream outcomes.

4.5. Implications and Future Research

The qualitative synthesis suggests a provisional three-part research agenda. The first
group concerns candidate foundations for interpretable animal-level outputs: reference-
standard reliability and identity continuity. The second concerns transfer and data in-
frastructure, including cross-farm generalization and data access. The third concerns
conditional extensions, including multimodal integration and longitudinal evaluation.
This grouping reflects dependency logic rather than measured effect size, prevalence, ex-
pected return, or a validated priority order. Different operations may reasonably follow
different sequences.

Table 3 maps each barrier to an operation at the task level. Its entries are qualitative judg-
ments derived from the operation definitions and constraints summarized in Tables 1 and 2;
they are not independently coded study frequencies. The table should therefore be used
to visualize candidate relationships and dependencies, not to estimate how many studies
documented a barrier or to prove that one barrier has greater impact than another.

The candidate foundation group includes reference-standard reliability. Reference
uncertainty differs by task: lameness and body condition depend heavily on expert scores,
behavior depends on annotation unit and transition boundaries, identification depends
on identity and track references, and body weight depends on calibrated and correctly
paired measurements. Human agreement is not a strict numerical ceiling on model perfor-
mance, but it changes how apparent performance should be interpreted. Studies should
report observer agreement where appropriate, document measurement and adjudication
procedures, preserve uncertainty near class boundaries when useful, and evaluate objective
biomechanical measurements as complements to expert lameness scores.

Identity continuity is the second candidate foundation for applications that require
animal-level histories. It is the direct output of identification and tracking and an enabling
input for longitudinal uses of the other operations. Evaluation should include crowded

https:/ /doi.org/10.3390/agriculture16141544


https://doi.org/10.3390/agriculture16141544

Agriculture 2026, 16, 1544

15 of 30

scenes, open-set conditions, track fragmentation, and identity switches, and downstream
tasks should be tested with estimated identity when visual association is part of the system.
An external farm identification component may be appropriate when visual identity is not
itself the research objective.

The transfer and data infrastructure group includes cross-farm generalization. Each
operation may encounter changes in population, housing, camera configuration, capture
protocol, season, and management practice beyond the development setting. Studies should
state these conditions explicitly and distinguish within-farm evaluation from temporal,
cross-camera, and cross-farm validation. Comparisons between controlled and operational
settings may help identify which performance losses arise from capture complexity rather
than from the target task itself.

Table 2 supports only a descriptive version of this argument. Reported metrics are
often strong within individual datasets, but they are based on different sensing modalities,
outcomes, and validation designs and cannot be compared directly. The dataset and
validation columns suggest that evaluation beyond a development farm is less common
than within-dataset testing. The evidence therefore establishes feasibility under conditions
more clearly than transfer across farms, seasons, camera setups, or herd compositions.

Data access and interoperability are enabling constraints rather than operation-specific
failure modes. Representative cross-farm evaluation requires compatible metadata, annotation
definitions, reference measurements, and governance arrangements. Collaborative datasets,
privacy-preserving analysis, and agreed reporting standards may expand the conditions
under which transfer can be evaluated. These approaches should be judged by whether they
improve external validation and reproducibility, not simply by the volume of pooled data.

The conditional extension group includes multimodal integration and longitudinal
evaluation. Additional modalities may address a defined visual failure mode, but they
also increase calibration, synchronization, cost, and maintenance requirements; fusion is
therefore not inherently superior. Longitudinal evaluation is central when the intended
output is an animal-level history or trajectory, but less central for some per-observation
or group-level tasks. It should be defined at the level of the management decision and
evaluated end to end, including missing observations and identity errors.

The proposed grouping is a hypothesis-generating research agenda, not a demon-
strated universal sequence. It suggests that stronger reference standards and identity
continuity may make subsequent transfer, fusion, and longitudinal analyses more in-
terpretable, but this review does not test that prediction. Prospective cross-farm and
end-to-end comparisons are needed to determine which research sequence provides the
greatest deployment benefit for each operation.

4.6. Deployment Considerations and Reporting Priorities

Hardware and operating requirements influence whether a dairy computer-vision sys-
tem can be used routinely on farms. This review did not systematically extract equipment
prices, energy use, inference latency, maintenance requirements, staff time, or return-on-
investment estimates, so it does not compare the economic performance of individual
approaches. These variables should instead be treated as priorities for future reporting.
Deployment-oriented studies should describe camera and computing hardware, inference
speed on the reported device, installation and maintenance needs, staff training, expected
service life, and assumptions used in cost-benefit analysis.

4.7. Methodological Directions for Further Evaluation

Several methodological directions may be relevant to the limitations identified in this
review, although their value in dairy computer vision remains to be established. Class
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re-weighting, loss, targeted augmentation, few-shot learning, and anomaly-detection for-
mulations provide candidate tools for imbalanced labels and scarce examples [80-84].
Transferable visual representations, privacy-preserving multi-farm learning, and integrated
simulation or decision-support systems are also plausible research directions rather than
established trends within the reviewed dairy literature. Their usefulness should be evalu-
ated through rare-event sensitivity, cross-farm transfer, identity continuity, robustness to
changing capture conditions, and improvement beyond a single curated dataset.

4.8. Ethical, Privacy, and Reliability Considerations

Deploying Al in dairy operations raises governance, welfare, and reliability questions
that this review did not systematically evaluate. Continuous video may create obliga-
tions concerning farm-data ownership, access, retention, and security. Automated welfare
monitoring may influence care decisions, particularly when model failures are not readily
visible to farm staff. Deployed systems should therefore support human oversight, docu-
mented failure handling, and periodic evaluation under changing herd and environmental
conditions. These considerations are implementation requirements, not evidence that the
reviewed systems have resolved privacy, welfare, or reliability risks.

4.9. Limitations of This Review

This review has several limitations. The search was restricted to four databases, to
English-language peer-reviewed journal articles, and to the period 2016 to 2026, and the
2026 count is partial because the search covered publications only through 8 July 2026.
Although the first and second authors jointly reviewed and classified all retained publi-
cations and completed the detailed extraction used for the operation-level synthesis, the
coding process involved cross-checking and consensus rather than independent duplicate
coding before consensus. Consequently, inter-reviewer agreement could not be quantified.
In addition, the barriers were not coded as binary study-level variables. Therefore, this
review does not estimate their frequency or prevalence across the included studies. The
scope was limited to DL-based computer vision for dairy cows at the animal level, so
sensor-based machine learning, decision-support systems, and non-cattle dairy livestock
are not covered. The five operation categories were derived from the selected literature
and the authors’ operation-centered coding rather than from a formal protocol, and studies
spanning multiple operations required judgment to classify. The citation counts reported
in Figure 3 reflect the papers selected and discussed in this manuscript, not the entire dairy
DL literature. Finally, the three-tier framework is a qualitative prioritization derived from
the cross-operation comparison in Table 1 and is not a formal meta-analysis; it should be
read as a research agenda rather than as a quantitatively validated ranking.

5. Conclusions

This review organizes selected literature on DL-based computer vision for dairy cow
management around five operations. Across the manuscript’s evidence map, recurring
deployment concerns involve reference labels, capture protocols, multi-animal scenes,
changing farm conditions, data access, and identity continuity. The synthesis supports
treating reference-standard quality and individual identity as candidate foundations for
animal-level longitudinal applications, while recognizing that identity may be supplied by
non-visual farm infrastructure and is not required for every group-level or per-observation
output. Cross-farm validation, interoperable data, multimodal integration, and longi-
tudinal assessment are additional needs, but their relative order cannot be established
from this narrative review. The proposed three-part agenda is therefore a qualitative
organizing scheme rather than a validated ranking or meta-analysis. Its value requires con-
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firmation through transparent study-level extraction, reproducible coding, and evaluation
across farms, seasons, herds, and camera configurations. Progress will require coordina-
tion among animal scientists, computer-vision researchers, veterinarians, producers, and
technology providers.
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Appendix A. Mapping of Retained Publications by Synthesis Status and
Primary Category

This appendix maps all 97 retained publications. The seven operation-specific cate-
gories contain 83 publications, while 14 general AI/CV /ML technical-method publications
were retained only for context. Each publication appears once.

Table A1l. Mapping of the 97 retained publications by synthesis status and primary category.

Synthesis Status/Primary Category Distinct Publications Citations

Behavior recognition

Achour et al. (2020) [66]; Bai et al. (2024) [25]; Li et al.
(2024) [65]; Fuentes et al. (2020) [23]; Hua et al.

(2023) [67]; Koskela et al. (2022) [78]; Li et al. (2025) [68];
Liu et al. (2026) [69]; Long et al. (2025) [70]; Ma et al.
(2022) [71]; McDonagh et al. (2021) [59]; Rao et al.

(2026) [72]; Shang et al. (2022) [73]; Bai et al. (2023) [123];
Li et al. (2026) [74]; Tong et al. (2024) [27]; Wu et al.
(2021) [24]; Wu et al. (2023) [63]; Wu et al. (2025) [75];
Yu et al. (2022) [76]; Yu et al. (2024) [60]; Zong et al.
(2025) [77]

22
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Table Al. Cont.

Synthesis Status/Primary Category

Distinct Publications

Citations

Individual identification and tracking

Hooker et al. (2026) [87]; Wang et al. (2024) [118];

Dac et al. (2022) [88]; Guzhva et al. (2018) [79];

Wang et al. (2023) [16]; Kumar et al. (2018) [89]; Li et al.
(2022) [90]; Pathak and Prakash (2025) [91]; Qiao et al.
(2021) [39]; Ruchay et al. (2024) [92]; Shu et al.

(2026) [93]; Smink et al. (2024) [85]; Xiao et al. (2022) [31];
Xu et al. (2025) [94]; Yukun et al. (2019) [86]; Han et al.
(2023) [95]; Mg et al. (2024) [96]; Li et al. (2021) [125]

Lameness detection

18

Abdul Jabbar et al. (2017) [41]; Russello et al. (2024) [57];
Czirok et al. (2026) [42]; Duan et al. (2025) [53];

Higaki et al. (2025) [29]; Barney et al. (2023) [43];

Jia et al. (2025) [51]; Jiang et al. (2020) [44]; Kang et al.
(2020) [50]; Kang et al. (2022) [45]; Kang et al. (2025) [46];
Myint et al. (2024) [54]; Narli et al. (2025) [52];

Siachos et al. (2025) [122]; Szyc et al. (2025) [124];

Tun et al. (2024) [47]; Tun et al. (2026) [48];

Wau et al. (2020) [49]

Body condition score estimation

12

Lewis et al. (2025) [104]; Li et al. (2025) [100]; Nagy et al.
(2023) [105]; Rodriguez Alvarez et al. (2018) [30];
Rodriguez Alvarez et al. (2019) [98]; Shi et al.

(2023) [101]; Siachos et al. (2024) [119]; Yao et al.

(2026) [120]; Feng et al. (2024) [99]; Summerfield et al.
(2023) [102]; Zhao et al. (2023) [103]; Dandil et al.

(2024) [106]

Body weight prediction

Afridi et al. (2024) [109]; Bi et al. (2023) [28];

Dohmen et al. (2021) [110]; Gebreyesus et al.

(2023) [107]; Guvenoglu (2023) [111]; Guzhva et al.
(2026) [108]; Liao et al. (2025) [121]; Xu et al. (2024) [112];
Zhang et al. (2026) [113]

Reproductive monitoring

Hanpinitsak et al. (2026) [64]; Li et al. (2024) [26]

Feeding and rumination monitoring

Giannone et al. (2025) [58]; Wang et al. (2024) [62]

General AI/CV /ML technical
method/background

14

Aharon et al. (2022) [19]; Amershi et al. (2019) [126];
Bewley et al. (2016) [20]; Bochkovskiy et al. (2020) [11];
Cao et al. (2017) [17]; Dosovitskiy et al. (2021) [10];

He et al. (2016) [9]; He et al. (2017) [15]; Liu et al.

(2016) [14]; Mathis et al. (2018) [18]; Redmon et al.
(2016) [12]; Redmon and Farhadi (2018) [13]; Wojke et al.
(2017) [21]; Zhang et al. (2022) [22]

Appendix B. Database-Specific Search Strings Used for Recheck

The operation-informed search was adapted to each database because field tags and

Boolean handling differ across platforms. Searches covered English-language literature

published from 2016 through 8 July 2026. The strings below are the final refined queries

used to recheck the per-database retrieval counts on 8 July 2026. They document the

endpoint of an iterative structured-narrative search rather than a preregistered systematic-

review protocol. Resulting counts are specific to these strings and date and do not measure

field-wide publication prevalence, popularity, practical importance, or economic value.
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Table A2. Database-specific search fields, syntax, and final refined search strings used for the literature
recheck conducted on 8 July 2026.

Database Search Field/Syntax Search String
TS = ((“dairy cow*” OR “dairy cattle”) AND “deep learning” AND
“computer vision” AND (lameness OR behavior OR behaviour OR
Web of Science TS field identification OR tracking OR “body condition” OR “body weight”

OR “body condition score”)) AND PY = (2016-2026) AND
DT = (Article) AND LA = (English)

TITLE-ABS-KEY((“dairy cow*” OR “dairy cattle”) AND “deep
learning” AND “computer vision” AND (lameness OR behavior OR
behaviour OR identification OR tracking OR “body condition” OR

Scopus TITLE-ABS-KEY field " . 1 ” .. .,
p body weight” OR “body condition score”)) AND PUBYEAR > 2015
AND PUBYEAR < 2027 AND DOCTYPE(ar) AND
LANGUAGE(english)
“ : ” “ . ” “ L ”
dairy cow” AND “deep learning” AND “computer vision” AND
: . Z L ” % : 7 :
ScienceDirect keyword search (lameness OR “body condition” OR “body weight”), date filter
2016-2026, research articles
“ : "o : e : an L ”
dairy cow” “dairy cattle” “deep learning” “computer vision
: By : Yz ] 7 : ”
Google Scholar simplified phrase search ~ lameness behavior “body condition” “body weight”, year
range 2016-2026
* is a truncation symbol in a query to represent multiple characters.
. . . . .
Appendix C. Coded Literature Dataset for the 97 Retained Publications
Table A3. Study-level extraction for the 83 operation-specific publications.
Operation Sensor/Input No. of No. of External
Study c . Dataset Size N . . Model Family Validation Method Validation Main Metric
ategory Modality Animals Farms/Sites Status
. X YOLOv3-Darknet53 + 80/10/10 train/ Spatiotemporal mAP
Fuentes et al. Behavi RGB video; optical ;gtl]i/;(de(;s “ fa{ms)/ NR 7 3D CNN/optical validation/test; split N 0.856 vs. frame-level
(2020) [23] chavior flow; keyframes b he}’Y‘rames, flow; Faster R-CNN/ unit NR; no ° mAP 0.788; YOLOV3:
ehaviors VGG16 comparator farm/animal holdout 30 fps
W etal Infrared-capable 4566 videos (~63 h; VGG16CNN feature  9eolevel 70/30 train/ Mean accuracy 0.976,
(2021) [7'4] Behavior surveillance RGB 10-55 s); 5 behaviors; 31 1 extractor + bidirectional h, t No precision 0.971, recall
- video; cow clips 3196 train/1370 test LST™M cono e 0.965, specificity 0.983
cow holdout
1295 images; GC_Res2-YOLOv3 Image-level random P 0.912, R 0.857,
Bai et al. Behavior RGB video 1033 traif/z/éz test: NR 1 with Res2 backbone 80/20; new-scene No mAP@0.5 0.904,
(2024) [25] frames/images 4 behavi ’ and global- examples were mAP@0.5: 0.95 0.685;
ehaviors context head qualitative only mean class AP 90.4%
3484 images/ Image-level 5-fold CV
RGB surveillance, 16,673 labels 15 (re-ID); 1 df . YOLOvS8n detector + on 3136 train/ Elagi)tg;;}/s//gn; ‘/;‘5)/
Tong et al. ) handheld and (2440/696/348); behavior- named farm; BoT-SORT tracking +  validation images, el
- Behavior . . public-source No 87.7%; HOTA/
(2024) [27] smartphone 10 60 s clips; detection N ResNet50 then held test;
: N sites NR N e . N MOTA/MOTP/IDF1:
images/video 16,288 re-ID count NR re-identification site/animal 73.1/80.4/84.4/87.5%
images/15 cattle holdouts NR S ORAIERAIBEST
. Day-level: days . o
5 days; 7801 images; Multi-stage CNNS for 12 train, days Feedlf\g acc 92.61%, P
Achour et al. . Top-of-feeder RGB ! presence, behavior, I 94.18%; 1D acc
Behavior : . feeding set 4875; ID 17 1 ° 3-5 validation at No !
(2020) [66] images/video . segmentation, feed, 97.06%; feed
train/test 2931/1944 . PN other feeders; same
and identification assessment 100%
cows/farm
. >96 h; 687 annotated SlowFast video Random 70/20/10 train/
Multi-camera segments; classifier with test/validation; split Slowast test error
Li et al. (2024) [65] Behavior RGB video; p f” X 107 1ranch d - - R: 7 No 21.28% (derived
daylightand night 200100 frames; ctection/ unit NR; no accuracy 78.72%)
CBVD-5 cropping preprocessing cow/ranch holdout 7
- P Video- and
R.( B X 400 ~10 S videos 'YOLOX-Pose image-level random YO]T,OX-POSC AP
Hua et al. N video/images; (100/action); . . . 96.3% at 33.1 fps;
(2023) [67] Behavior ose-skeleton 1800 labeled images: NR 1 keypoint extraction + 60/20/20 train/ No PoseC3D Top-1
posers ) gesi PoseC3D 3D CNN validation/test; no * P
sequences 4 actions accuracy 92.6%
cow holdout
. . . Image-level shuffled
. ~19h; >1f7 Mimages; splits: 80/10/10 Unbalanced weighted
RGB security 10 behaviors; o o
Koskela et al. N . . VGG-based CNN (100,000) and P 86%/R 85%;
. Behavior video; extracted experiments: NR 1barn . o No
(2022) [78] e image classifier 50/25/25 (49,900); balanced P
still images 100,000 unbalanced ! o o
and 49,900 balanced animal 78%/R 79%
° ¢ alance independence NR
78 surveillance +
. 116 phone videos; RFR-YOLO Image-level random P 95.9%, R 91.2%,
Outdoor surveil- 146 10-20 s segments; (YOLOv11n with 60/20/20: 2838/ mAP@0.5 94.99
. . - ; : .5 94.9%,
Lietal. (2025)[68]  Behavior jonce/Smariphone 460 frames/ NR ! RsiConv, FMSDA 945/945 train/ Ne mAP@.5: 0.95 85.2%;
4728 images/ and RepGRFPN) validation/ test 147.6 fps
13,224 labels
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Table A3. Cont.

Operation Sensor/Input No. of No. of External
Study p P g Dataset Size : -ot Model Family Validation Method Validation Main Metric
ategory Modality Animals Farms/Sites Status
. BFDet-YOLO Pooled image-level
Livetal P‘;Ehcl";“‘i ARGB gf gg"}f‘? o >2 sources; (YOLOV10), dual random 6:2:2: mAP@0.5 95.7%;
(2‘5‘22) ?0;’1 Behavior e e 1226 susmontet NR independent forage-density and 1918/639/640 train/ No mAP@0.5: 0.95 70.7%;
‘f” N augmented; site count NR feeding- validation/test; no 1.85 M parameters
rames /images 3197 total behavior detection site holdout
Internal develop-
Indoor/outdoor 35 one-hour indoor FSCA-YOLO ment/validation/test;
Long et al. Behavior RGB and videos; 3360 images: NR 1 (YOLOv11 with counts, ratio, split No P 95.7%, R 92.1%,
(2025) [70] nighttime IR 4 beha;/iors 8esi FEM-SCAM, P2 head, unit and mAP@0.5 94.5%
video frames CoordAtt and SToU) cow/source-video
separation NR
286 videos/ .
181,500 frames ?g‘zdse/"s';e)_viggr/ aztg 120 clips: acc 95%,
Ma et al. . RGB (228/58); Improved RexNet3D S N 76.52 fps; unedited
(2022) [71] Behavior surveillance video 120 validation clips; 30 1 CNN + Softmax }/%g dxps + 10 unedited No videos: acc 91.02%,
10 unedited (1722 s/ o df"zﬂ“;xce AR 101.02 fps
43,065 frames) epende
10 h annotated; Per-class acc > 80%;
McDonagh et al. Infrared-capable 19,191 records; Non-local video Clip-level 3186/783 train/ contraction 83%,
(2021) [551 . Behavior surveillance RGB 3969 clips of 3-10 s 46 1site classifier pretrained validation; cow No standing 84%, lying
video clips (3186 train/ on Kinetics independence NR 90%, eating 95%,
783 validation) drinking 93%
Lo Image-level .
Continuous Detection: YOLOVI1 + 1923/193/192 and TimeSformer ace
5 2308 images f 85.0%, macro-F1 0.84,
Rao et al. . multi-camera RGB Model datasets ByteTrack + clip-level 70/15/
- Behavior N N (1923/193/192); - 1 ? I No 22.6 fps; detector
(2026) [72] video, images, . . NR; timing test: 16 TimeSformer; 15 splits; cow
10scli behavior: 4964 clips, . mAP@0.5 0.994;
s clips SlowFast comparator independence NR; S R
augmented to >9600 one 24 h case cow pipeline 5.5 fps/cow
Detection: .
N YOLOv4 + Siamese
Farm RGB 1400 images selection + attention- Image-level No for target Behavior-recognition
Shang et al. B . images/video; (1000/400); behavior: 1 cattle farm train/test: detection
- ehavior 3 . NR enhanced . cattle accuracy up
(2022) [73] public 61 videos/ (target task) MobileNetV3 + 1000/400, behavior operation t095.17%
action datasets 4320 images traiectory analysis 3600/720; 6-fold CV P! S
(3600/720) ) y Y
X3DFast
Text: 4366 videos; two-pathway 3D Video-level stratified Top-1 behavior-
Bai et al. . Top-down oblique Table 1 class counts CNN (X3D + fast random 80/20 train/ Op- Denavio
Behavior NR 1 No classification
(2023) [123] RGB video clips total 5650; pathway with validation; animal accuracy 98.49%
4 behaviors attention and independence NR accuracy 70.857%
R(2+1)D)
11,6843 s clips CLIP visual encoder + fga*/'ies/‘iget"le‘fl
) _ . Three-second RGB  (7391/2224/2069); temporal adapters/ /40736 frain/ Accuracy 75.45%;
Lietal. (2026)[74]  Behavior h ] 107 1 ranch 1 ! validation/test; clips No
video clips source: 687 segments, pooling + behavior- enerated after split; macro-F1 0.7246
206,100 frames, >96 h prior loss o
4000 annotated YOLACT + Image-level 70/30 on Respiratory-rat
Wu et al Fixed-camera images from VGG16/CNN- 4000; pipeline on esprlra 0;;’ ;Zo/e
uetal Behavior RGB video and 34 videos; NR 1 BiLSTM + optical- 60 videos; overlap No aceuracy 93.567;
(2023) [63] N . . MAE 3.42 and RMSE
extracted images 60 full-pipeline flow/PBVM with 34 development 3.74 breaths,/min
test videos respiratory algorithms videos NR : S
4632 augmented
images DMSF-YOLO Random pooled Precision 86.7%,
Wueetal. Behavior RGB video (3234/918/480; NR 2 (YOLOv11n): 70/20/10 image split No recall 84.0%,
(2025) [75] frames/images 70/20/10), every MSFConv, across 2 farms; no mAP@0.5 88.8%, F1
100th frame; C2BRA, DyHead farm-held-out test 85.3%, 66.7 fps
31,824 labels
20 sets x 4 videos: Fixed image-level Front P/R/mAP/F1
Front/top RGB 10288 imazes: front DRN-YOLO train/test sets by 97.16/96.51/96.91/
Yu et al. . video frames; " ages; Iro (YOLOv4-derived): view; selection 96.83%; top
Behavior 4484/758 and top 17 1 No
(2022) [76] depth camera 4320/726 train/test; DRNet, 4 scales, procedure and 96.84/96.25/
(monocular) 3 behaviors st SPP, CloU source-video 96.49/96.55%; 22.65
- s separation NR ms/image
Day RGB + night 35 two-minute clips; Res-Dense.YOLO I‘nt‘enl\lal Va.hdatlon - o
Yuetal infrared every 12th frame; (YOLOV5): set; allocation Precision 94.7%,
(2024) [é:U] Behavior surveillance 5516 images; ’ 90 1 dense/residual counts/ratio and No recall 91.2%,
video frames n behaviogrs " backbone, CoordAtt, cow /source-video mAP@0.5 96.3%
SloU, 4 heads separation NR
1044 videos Random image-level P/R/F1/mAP
Zong et al Indoor/outdoor (1008 ~5 min; 36 of Improved YOLOV5: 80/10/10 split 93.8/96.7/95.2/97.7%;
(2‘52;6[ 7;1‘ Behavior RGB surveillance 05-3h); 3458 images; 38 1 Shuffle Attention, (2766/346/346); No class AP stand /lie/
video frames 14,754 boxes; DCNv3, DyHead 480 extra images eat/drink 98.1/98.9/
480 qualitative qualitative only 97.7/96.1%
OP-Mask R-CNN: Animal-level:
2012 cap tuted./ OpenPose skeleton 80/10/10 cows Cross-subject
Wang et al High-resolution 2000 selected images; features + CBAM; train/val /test; Noj unseen-cow . yracy 90.0%;
geta. ID/tracking & ] augmented to 8000 100 1 ¢ ; ’ holdout was Y 02
(2023) [16] RGB cattle images (4800/1600,/1600 Mask R-CNN/ images 3: same-farm cross-view
. YOLOV5/ Attention- robustness accuracy 92.1%
train/val/test) BiLSTM perturbation
Improved Mask Random i Jevel
Top-view RGB 12,000 segmentation R-CNN S alli‘t om l:aﬁf ;V: Segmentation AP/F1
Xiao et al. ID/trackin V;’;\ N ::; images (7:2:1); 5 | (Light-ResNet101, SE, ‘7?2_15’”38?; atio No 97.39/97.34%, 1.02
202)[31] s cxtr:ctcd images 8640 identity FPN); a;xi’m’al-di;'(')int s/image; ID
€5 images (7:3) grid/shape/Hu + ieparatiol:\]NR accuracy 98.67%
Fisher + RBF-SVM ID 7
3120 behavior images; .
Ceiling-mounted 1059 ID crops; test ;g:g"; I‘\’/ﬁ.‘é‘l’\}“ Detector image 80/20;  No; later-time Behavior accuracy
Hooker et al. D . & | 1620 images/ N ’ ID image 90/10; test used same 90.47%, kappa 0.859;
- /tracking RGB video; cow o 21 1 Siamese _— o o
(2026) [87] crops/track pairs 8490 labels; MobileNetV3 ID; later-time same-cow, cows/ ID accuracy 83.6%,
P P 20,000 pairs from baseline CNN ! same-farm test farm kappa 0.827
ID crops aseline
N . 62-cow images " ~
Overhead RGB Soraimages; ResSTN + SimAM + 80/20 train/val; No; 8 unseen oo valtop-1
Wang et al. . Ve . - 70 (62 known + ArcFace metric animal-level open-set cows were e
ID/tracking images; natural / 7069 train/1801 val; 8 1 N unseen/open-set
(2024) [118] Lo 8 unseen) learning/open- test on 8 unseen cows; from .
artificial lighting unseen cows: 1104 set recognition 10-fold same farm cosine

open-set test

threshold analysis

accuracy 94.58%
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Table A3. Cont.

Operation Sensor/Input No. of No. of External
Study C" g Dataset Size : -ot Model Family Validation Method Validation Main Metric
ategory Modality Animals Farms/Sites Status
RGB face video (~505,800 frames); s N o ’ rank-1/CMC 84%;
Dacetal. . 102 (89 closed-set landmarks; 13 single-video open unseen/open- .
N ID/tracking and extracted detector 1780 frames 1 . X temporal buffering
(2022) [88] P N + 13 open-set) MobileNetV2 set; 89 train/102 test set cows were o
ace chips (80/20); encoder embeddings + videos; component same-farm ~90-91%; encoder val
3560/1780 chips ] & videos; comp lookup 93.14%
cosine lookup image splits
Annotated-frame
Stitched ;;gg ;‘::;:e@' 9279 cow Two-stage CNN cow detector test; 26 fgl/ 222 tt::‘k; ::ﬁi;t’
Guzhva et al. . multi-camera RGB : v 252 farm cows; 26 detector + manually initialized i !
. ID/tracking . instances; 1 . Lo No reported mean
(2018) [79] panoramic evaluated tracks probabilistic tracks; split unit:
. 64,953 landmarks; - 225 s/start
barn video 26 evaluation tracks multi-object tracker frame/track; (caleulated ~234 5)
no holdout
. Animal-level: Unclear:
>5000 images; CNN, SDAE, . . .
Kumar et . ) RGB muzzle- 5500 cattle; 100 train/  >500 (100 train; DBN/RBM and 100 train vs. 400 test  sourceprivate;  DBNaccuracy =~
ID/tracking - NR cattle; 5% random farm 95.99%; up to 98.99%
(2018) [89] print images 400 test cattle; 400 test) one-shot . . .
o K N subsampling; independence with 400 features
galleries 1-4 images similarity framework .
gallery-size tests unreported
Ambiguous random Accuracy 98.37%
i i . 298%):
RGB cattle-face 68,260 raw images; Eﬁl&w‘j\’gt%\htlés olnv 50(39 ralidation,/test; hN? d-outsit (ZHS‘ICI:;I)B 9081/;)1’\4
Lietal. (2022)[90]  ID/tracking  video 10,239 face images 103 2 collection sites S Wi globar ram/vaidation/test e croursite or g .
. pooling; Raspberry Pi held-out- parameters;
frames/images from 103 cattle R . .
4 deployment animal test ~300 ms/image on
across splits Raspberry Pi
CMPD300: YOLOvS8n + Random splits: No: no CMPD300
Pathak et al, RGB cattle . 2632 images/ 568 tw EfficientNetV2-B0 CMPD300 58/21/21; untouched ‘muzzle/face/fusion
(2%253) [S]]a ' ID/tracking % nfame i?ff 300 cattle; CMPD268: bﬁ“’gsi ! f NR attention; CMPD268 65/15/20; cross-dataset 99.47/98.58/99.64%;
anc muzze IMages  4923/268; combined public datases confidence-based combined 61/18/21; or unseen- CMPD268 98.57%;
>7000/568 face/muzzle fusion split unit: image farm test combined 98.92%
Qi tal Rear-view RGB 363 videos from InceptionV3 frame ?88/;? vtdeor £ split Accuracy 93.3%;
(2?2[;)&[;91 ID/tracking video at three 50 cattle; 288 train, 50 1 features + BiLSTM + ra}? ‘eds S_p_l 7 Spi No precision 89.3%; recall
- monthly dates 75 test self-attention unit: video; same 91.0%; F1 90.2%
50-cow cohort
YOLOVS face Random 80/20 image
315 originals from 91 preprocessing + split with VGGFace2-based
2‘522?)[];":] al ID/tracking Rl? ]z caltle: ace cattle; augmented to 91 1 VGGFace/VGGFace2 augmentation; split No identification
- photographs 3150 images ResNet-50 unit: image; same accuracy 97.1%
transfer learning cattle across splits
ID: 3915 images/ Detector pens AP 0.995 (112 ms);
. . . . YOLO11n-OBB + 1-4/5/6 train/ No: pen and § ' ;
Fixed side-view 102 cows (82 dev; . closed-set acc. 0.97
Shu et al. . B ConvNeXt-Tiny; val/test; ID unseen-cow
ID/tracking RGB surveillance 20 unseen); detector: 102 1 . (0.6 ms); open-set
(2026) [93] face i . . improved ArcFace gallery/probe on tests were N
ace images/video 1250 images/ (IAAL/ICCL) 20 unseen cows; split same-farm P/R/F1/acc.
3623 instances/6 pens h /5P 0.98/0.61/0.75/0.68
unit: pen/cow
YOLOVS5s + Random image/tag
RTSP RGB 1453 detector images; N - DeepStream + splits; 600-frame Unclear: Detector mAP
. . 550 field-test cows; >2 training + . y near/far 0.937/0.676;
Smink et al. . security-camera 1581 tag crops; 1 h . N WhenToRead + TRBA ablation; separate 1 h field-farm .
- ID/tracking . s training 1 field farm; . PR . printed-tag accuracy
(2024) [85] video; ear- field test: 550 cows, ni NR rerlap NR tag reader field test; split unit: independence 96.1%; all- 71.3%;
tag crops 646 readable tags unique overiap (TPS/ResNet/ image/tag/ unreported 2 4' 69“; a- cow 7857
BiLSTM/attention) field stream 07 1ps
Cow-disjoint
) 33,019 ID images: YOLOV5n-Ghost + 195/24/?4 ) No: o Detector mAP 99.5%;
Xu et al Multi-camera 26,897/195 cows task-driven meta-train/val/test; cow-disjoint ID accuracy 90.43%
: ID/tracking ~ RGB cow train, 3311/24 val, 243 1 autoencoder + detector early-day and temporal N
(2025) [94] . . (20-way 5-shot),
head/back images 2811/24 test; detector MAML few- train vs. later-day tests were 95.62% (5-way 5-shot)
3782 images shot identifier val/test; unit: same-farm s Y
cow/time
N ID 0.937 online
Overhead 3D ) CNN detection/back- 1 jevel 70/ No: disjoint (0.985 model); BCS
. 3430 images (5/cow): . pattern ID + . . s
Yukun et al. . video, o 686 (480 train; 30 split: 480 train vs. test cows were accuracy within
N ID/tracking 2400/480 cows train; L 1 ultrasound-backfat .
(2019) [86] depth/grayscale ) 206 disjoint test) s 3 206 disjoint test cows; from 0/0.25/0.5:
1030/206 cows test linear regression . .
and phase features for BCS split unit: cow same farm 0.45/0.77/0.98;
detection 100%
2250 detector images; YOLOVS5 + wide Farm 1 transfer; Farm No untouched
Han et al. 570 appearance/ 17 test cattle; ResNet/SPP 2 detector fine-tuned external test: IDF1 90.22; AssA
(2023) [9,'] ID/tracking RGB CCTV video 9690 instances; Farm training 2 appearance model + on 2000 images, then target farm 84.49; HOTA 77.64;
> 2: 2000 fine-tune; test: unique NR Kalman/bench- six-clip test; split unit: used for MOTA 82.75; ~3 fps
6 clips/3800 matching tracker farm/image/clip fine-tuning
. Date-separated
360° fisheye RGB 1520 mages Upto7in Detectron?2 detector + 1080/240 image Detector AP/AP5O.
M, N ; (1080 train/240 val); X R 91.12/97.67; detection
g etal. . video; four . o temporal tests; customized cattle train/val; same-farm .
(2024) [96] ID/tracking - ora day and night tests: trainin; 1 tracker (CTA); eight Shdayand5hnight O night/day
’ ) 72,000 frames each R track g et ot & 99.91/99.81%; CTA
view regions (144,000 total) unique racker comparators tests; unit: MOTA up to 99.99%
image/time
3772 originals; Lightweight AlexNet Random 80/20 train/ Validation accuracy
. Side-view RGB 1485 selected; 80/20 N . - L o
Lietal. . N . A CNN with multiscale validation; split unit: 97.95%;
ID/tracking photos; varied an- split; training images 13 1 N X No
(2021) [125] blocks, attention and image; no cow- or 1,707,592 parameters;
gles/backgrounds expanded 3x .
b . global pooling farm-held-out test 6.51 MB
y rotation
116 raw videos;
. 803 sequences; AiPEC proprietary Repeated 10x k 0.72; AUC 0.89;
e Top-view RGB N . cow-level
Higaki et al. . . . . 660 candidate and pose/keypoints + score-0 sens./spec./
Lameness video; side-view 256 1 e . 80/20 holdout, no No
(2025) [29] RGB reference 256 selected 25 mobility variables cow overlap: split F1/accuracy
© unique-cow clips + random forest A PSP 87.2/94.7/88.2/92.1%
unit: cow
(6.5 s mean)
Confusion matrix on
. Depth curvedness all 23 sessions; no Accuracy 95.7%;
Abdul Jabbar et al. Overheéd 3D 23 sessions from features + Hilbert holdout/CV; split sensitivity 100%;
Lameness depth video; RFID 22 cows; ~70 frames/ 22 1 N . No e N
(2017) [41] identit I /sessi transform + unit: session specificity 75%
identity only cow/session linear SVM (apparent (n =23 sessions)
resubstitution)
X 5-fold stratified group g ~
;;glb:;ﬂlf:;ed Faster R-CNN + CV by cow for ?avc];//l/gla/cscel:\c /spec.
g‘é;ie)l}‘;;l‘ ak Lameness Sideview ROBD videos/98 cows; pose: 98 1 TLEAF pose; /6R3Fa/“ ;;Tfi‘;jzaf’rssies, No 80.07/78.70/76.78/
- g 28 cow videos, 968 g ples; 81.15%; pose

two-frame sequences

gradient boosting

split unit: cow vs.
frame-sequence

PCKh@0.2 99.60%
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Operation Sensor/Input No. of No. of External
Study o i Dataset Size : -0 Model Family Validation Method Validation Main Metric
ategory Modality Animals Farms/Sites Status
Faster R-CNN, SSD O
. Side-view RGB 699 cow videos; Inception v2 or Rand.om pooled No YO[; 5m mAP@0.5
Czirok et al. S . multi-farm 80/ 73.2%; body-part AP
Lameness post-milking 12,182 images; 699 3 YOLOv5m detectors + . [ farm-held-out .
(2026) [42] N . 20 train/val; split L ~64.1-78.6%; CPU 14
video; still frames >50,000 boxes rule-based L validation
1 unit: image fps, GPU > 30 fps
ameness score
741 sequences AGC-SimCC Random 80/20
Overhead RGB-D (260 sound/ HR-ACRNet sequence and Keypoints: PCK@0.02
Duan et al. Lameness walking 237 mild /244 severe); NR (unique cows 1 keypoints + 6 gait keypoint-image splits; No 100%, AP 95.89%;
(2025) [53] sequences; 593/148 split; unreported) features + units: walking lameness accuracy
RGB keypoints 2520 keypoint images PIMP-selected sequence/image; cow 91%, macro-F1 0.85
(2016/504) random forest independence NR
3 . 25 recordings/ o 4-grade accuracy
S{de—wew RGB 250 cow passages; 250 farm cows 1 study farm + Modified Mask Pose held out 61 94 + 0.5%; k 0.8782;
Barney et al. video; Google © ) . . R-CNN pose + SORT ) No external L )
Lameness 500 Google images; (189 train; 61 held Google image . cows; CatBoost 3-fold precision 0.865; recall
(2023) [43] TImages for pose N £ tracking + CatBoost CV: solit unit: farm - bi
training pose: 189 farm cows out) sources Classifier ; split unit: cow 0.9209; binary up to
train, 61 held out 100%/98%
127 videos/ DeepLabCut Pose 90/10 image . Accuracy 90.21%;
15,165 frames; pose o ) Partial/unclear: .
. . . X 45 self-collected; dlernet_ms5 split; final 20 videos keypoint error
Jia etal. Side-view RGB 300 images/8 cows . other-farm test
Lameness R . other-farm >2 keypoints + temporal randomly sampled . 4.679 px; class
(2025) [51] walking video (90/10); pool NR P le-based fr L composition .
143 videos incl. count features + rule-base -om 143; units: unreported accuracies
16 other-farm scoring image/video 89.0/85.3/92.6/100%
. Augmented clips:
Side-view RGB lSmgf—stream Random accuracy 95.13%,
Jiang et al. deview 1080 videos (12/cow): ong-term 70/30 train/test; split mAP 98.24%; best
Lameness walking video + N 90 1 optical-flow CNN A No N
(2020) [44] N 756 train, 324 test A unit: video; cow optical-flow
optical flow with temporal ind d NR fi N
modeling independence configuration
~98.32%
100 cows:
75 threshold REB-Net/SSD leg Independent 25-cow No external Lameness accuracy
endpoint holdout; farm; o .
K . . development, 100 detector + . . 96%; lame-hoof
ang et al. L n Side-view RGB 25 ind d 75 devel . 1 N . detector image independent localization 93%:
2020) [50] ameness walking video independent (75 development; supporting- train/test: wunits: cow 25 comr ocalization 93%;
- validation; detector 25 validation) phase/lame- (endpoi t’) A £ detector mAP 87% at
1000 train/500 test hoof rules endpoint), image same-tarm 83.3 fps
. (detector) holdout
images
Image/video/map
- 456 videos; 3045 hoof YOLOV hoof train/val/test splits Hoof detector mAP
Side-view RGB . ) 456 usable units: o
Kang et al. R A images (70/20/10); L detector + reduced . . . 92.39% at 19.96 fps;
- Lameness walking video; (500 initially 1 . image/video/gait No
(2022) [45] derived gait 23,994 augmented lected) gait maps + > . lameness accuracy
erived gait maps gait maps (60/20/20) selecte DenseNet classifier map; CoW grouping 98.50%
of augmented maps
unclear
3150 gait maps/ SAM + CLEM Primary 80/20 split Yes: f;"/‘zgje/‘e"zy
Side-view RGB 175 cows at Farm 1; 205 total gait/back maps + plus independent es: poast S/ spec. o
Kang et al. R £i ) 175 devel . 5 D N ith 30 F 2 test: independent 92.80/89.21/94.60%;
(2025) [46] Lameness video; gait/back 5309 hoof images; ( evelopment; enseNet wit] -cow Farm-2 test; second-farm binary 99.05%;
feature maps external Farm-2 test: 30 external) DCAM/DCAC split unit: cow /map; -
N N o test external accuracy
30 cows attention external unit: farm o
89.20%
et Mask January detection L
. 5456 detection . R-CNN/YOLOv8+  holdout; classifier Partial: AdaBoost lameness
. Side-view RGB images; Jan test e 2;only 1in . A . second-farm o
Myint et al. . : ) 116 classifier J ToU tracking + 690/341 image split; X accuracy 77.9%;
Lameness video and 247,250 instances; N quantitative o detection . 8
(2024) [54] . T . unique count NR - back-curvature Farm-2 qualitative o detection/tracking
extracted images classifier 1031 images classification N . Co qualitative o
features + classical detection; units: ~99%
(690/341) o R s only
classifiers time/image
Pose 90/10 frame Binary
. . 337 videos DeepLabCut 12 back split; classifier 5-fold - accuracy /sens. /spec.
Narli et al. S{de—vlew RGB-D (~78 frames each); keypoints + fully CV on pooled farms; No explicit 0.97/0.94/1.00;
Lameness video; annotated 260 4 . held-out-farm N
(2025) [52] 7650 annotated connected DNN unit: frame/sample; adjacent-score
RGB frames Y test :
frames from 260 cows lameness classifier cow/farm accuracies
holdout NR 0.88/0.83/0.93
XGBoost
Side-view RGB 832 videos; binary YOLC )v.5 + MMPose; Leave-one-out on No acc./recall/precision
Szycetal. R . 832 reported cow anatomical features; pooled 5-barn videos; 0.821/0.704/0.670;
Lameness walking video, subset 638 (540 . 5 A barn-held-out
(2025) [124] 960 x 540, 30 fos healthy, 98 lame) videos/cows rules, RF, XGBoost split: video/sample; validation DL acc. 0.813; 7-grade
s v and neural networks no barn holdout RF relaxed /exact
0.736/0.237
4944 frames; det. Random 80/20 frame
. . 3 Detectron2 + IoU N . | RF/KNN/tree test
Tun et al. Top-view depth lram./.val 4302/915; NR; 56-64 tracking; back split for Fletectmn/ No; temporal acc. 81.1/78.2/69.2%;
o Lameness . . classifier dev 45/31 . 1 later-period same-farm . .
(2024) [47] images/video cows/session features; RF, KNN, o detection/tracking
and test 229/ - same-farm classifier holdout o
and decision tree N N 99.94/99.92%
116 non-lame/lame test; split: frame/time
Detection 9550 cow + YOLOv11m/v8m/Mask Metl.wfds.:tS?/Z(]»by Partial: 2-farm Box/mask AP50
Overhead ToF 988 background/ 93 Farm-A cows; R-CNN; PTAV3; cow; limita 1c.ms. component 99.38/99.26%
Tun et al. L depth i R h . broader /F: B heigh s sequence split/not d 2
(2026) [48] ameness epth images; 290 human/255 noise; roader /Farm-| 2 eight processing; cow-independent; tests; no (75.49 fps); lameness
7-frame sequences lameness 2056 seq. unique NR EfficientNet-B7 + split unit nrecol\;e " unseen-farm acc./F195.95/96.06%;
(1644/412) LSTM S unit unres g endpoint tracking 99.94%
Farm A endpoint
750 videos (15/cow); YOLOV3 leg detector; ~ etector images YOLOv3 mAP/P/R
. . . 50/50; 700 videos 93.73/99.18/97.51%
Wu et al. Side-view RGB 700 model samples; step-size vectors;
y Lameness . . 50 1 70/30 + 2-10-fold CV; No at 21 fps; 10-fold
(2020) [49] walking video 5000 labeled LSTM and lit: i ideo: LSTM/BiLSTM
leg-detection images bidirectional LSTM split: image/video; /B ace.
cow grouping NR 98.57/99.05%
. 11-farm field Human agreement
P ons Commercial CNN evaluation vs. Undlear: 815-86.3%; «
Siachos et al. ) Q\'erhead RC.;B lesion 2515 cows NR overall; 2515 k.eypf)mt/trackmg blinded ve.t ll-farm. 0.23-0.38; AC1
Lameness video; keypoint . . 11 pipeline; 0-100 score; scores/lesions; no evaluation; 0.76-0.83; severe
(2025) [122] 3 N (758 human-scored); in lesion subset H N . N L N
trajectories and ID N N mixed models new split; unit: training-farm lesions
pretrim 1986; 4 lesion: erl N
follow-up 143 and ROC cow/lesion; overlap NR sens./spec./acc.
P overlap NR 0.53/0.74/0.71
1661 . Random 70/30 image Yes; Exact 40%; within
Rodriguez split ‘llxlnsasg/esség r;n;ra:y split plus 3 leave-one- unseen-farm +0.25/+0.50:
Alvarez et al. BCS Depth images 15'5)1 douts 71 NR 3 SqueezeNet CNN farm-out tests; split: internal 78/94%;
(2018) [30] 1000 /:11 /250 image (primary), cross-site farm-holdout
farm (cross-site) validation results reported

https://doi.org/10.3390/agriculture16141544


https://doi.org/10.3390/agriculture16141544

Agriculture 2026, 16, 1544

23 of 30

Table A3. Cont.

Operation Sensor/Input No. of No. of External
Study p P g Dataset Size : -ot Model Family Validation Method Validation Main Metric
ategory Modality Animals Farms/Sites Status
1764 images e
, (521/648/595 by YOLOvS Stratified 70/20/ Best mAP@S5
Lewis et al. BCS ?D IiGB 1ma;éei: BCS); later final 56 1 view-specific detec- (110 2‘;2?‘;;;7111;7)_ N rear/front/top
(2025) [104] Y'i"“y'_ rearandtop  gataset 705 tion/classification 3 remeatod rume. not ° 0.439/0.432/0.421;
views (210/315/180): models cpeated runs, no mAP@.5: 0.95 0.41
N . k-fold; split: image
internal conflict
Random 70/30 image
. Overhéad—obhque 1611 original images 213 development; 1 quantified + Improved YOLOv5s split after . No.quaAntlﬁed MAP@0.591.8%;
Lietal. RGB video; (6444 augmented); . N o (DW-CDPN) + augmentation + validation; N
BCS . . video-test unique 1 qualitative- . . N overall video BCS
(2025) [100] hindquarter 10 videos/240 cow spatiotemporal track- 10-video test; split: second-farm o
P NR only ; . . . accuracy 87.1%
rames passages ing/segmentation image/video; cow examples only
holdout NR
4061 images: COCO-pretrained Farms 1-2 stratified Accuracy and k;
. . 3-class models
Nagy ctal Rear/rump-view 2922 train, Detectron2 Faster 80/20 by image; Yes: held-out >moderate
. BCS g 732 validation, NR 3 R-CNN; 12-class and Farm 3 held out g =
(2023) [105] RGB images N . Farm 3 agreement; some
407 held-out Farm-3 aggregated 3-class (407 images); split: X
. K > 0.8; no single
test BCS image, then farm B
headline value
" . . SqueezeNet CNNs, . : Best ensemble exact
Rodriguez Top-view depth 1661 images: VGG16 transfer Single 70/30 image- 41.15%; within £0.25
Alvarez et al. BCS . . 1158 train, NR NR ) . level train/test split; No 9%: withi
(2019) [98] images 503 test/validation earning and split: image 82%; within :£0.50
weighted ensembles 97.42%
Top-view 3660 Attention-guided . . Lo .
Shi et al. depth-derived 3D depth/point-cloud PointNet++ with Tra‘m/lest ex.aluaf.wn, E{(ac} accuracy 0.49;
(2023) [101] BCS point clouds + samples from 512 2 normals; 9-class ratio and split unit No within £0.25 0.80;
. NR; no farm holdout within +0.50 0.96
normals 512 cows softmax
Development:
Overhead RGB 34,150 man}xa] BCS . EfficientNetV2 within-farm No; temporal Temporal kw 0.69;
. . N labels/35 visits; later NR development; 7 listed; . N o s
Siachos et al. video/images; S s . ordinal regressor + 80/20 cow split; test reused exact 44.4%; within
BCS 9657 pairs, including 3817 repeated- caption says
(2024) [119] pose and . CattleEye temporal test reused development +0.25/40.50:
. 3817 cows scored score test 8 (conflict) N o
silhouette fwice detection/pose 4 development farms; farms 84.6/94.8%
split: cow /time
Stratified 5-fold
Side-view 2DRGB 3208 labeled YOLOvLIn detector + o jovel CV; all MAE 0.41 = 0.0
Yao et al. . y ConvNeXt-Tiny . RMSE 0.51 + 0.02;
BCS surveillance images/211 cows; 211 1 . images of each cow No
(2026) [120] images ~24 h source video continuous BCS stayed together; split: Pearson r 0.62 & 0.03;
& regressor o oyed fogethers spt detector mAP 0.995
. Standard
Fen etal Rear/tail-region 8972 cow-tail images A Random e acc./precision/recall /F1
il o BCS 2D RGB video from 24 videos NR 1 ) i stratined by 2= No 98.2/98.5/98.3/98.3%;
(2024) [99] . attention + H-Swish; cow separation N N
frames (~90 min) 5.64 MB reported: split: image blur/dim/bright acc.
i ported; spit: imag 95.5/96.1/83.1%
Frames: 2053
Three angled /2211 e ) Small CNNs; v . All-camera exact
Summerfield et al. BCS synchronized rear /2016 top 162 10“‘?11“ I;IR, single-view and 30230 cowd—} e ?1 ts plit No; one 35.77%; within +0.25
(2023) [102] depth views: top, (<7/cow); test ¢ Cf’l. tec ton early/middle/late esl -fowsy isjoint; collection site 69.89%; within £0.50
rear, angled 137 cows, augmented aciiity multi-camera fusion sphit: cow 89.96%
to 548
Top-view depth 5119 stated; train E}‘;Pfle";\ll - 111 comlevel split Exact 45.01%; within
Zhao et al. BCS converted to point 2627/39 cows + test 77 1 1c71en’h Pil . 39 .t cf)wsse\t/e tSP i N +0.25 91.21%; within
(2023) [103] clouds/convex- 2504/38 cows = 5131 convex-u’ maps; rain, 56 test, no ° +0.50 97.60%;
N whale-optimized crossover; split: cow
hull maps (conflict) N 3.446 frames/s
scaling
] . 102/126 correct (acc.
Rear/pelvic- 1270 1mages YOLOvS8x five-class Rax?dom 90710 image 0.81); mean PR-AUC
Dandil et al. 5 (925 Holstein, split; no cow/farm
BCS region 2D RGB ) NR 20 BCS N No ~0.87;
(2024) [106] 345 Simmental); - grouping reported; . .
photographs 1144 train, 126 test detector/classifier oolit: image Holstein/Simmental
g PUE Imag acc. 0.82/0.80
Forecast time splits 2
40,405 depth images Mask R-CNN + 90/10-50/50; g‘;if“;‘j;%%?/ )
Bietal. (2023) [28] Body Top-view depth from 10-12 s 12 1 geometric measures; exhaustive No h o 3 i "O’LS
etak - weight video/maps recordings; ~50.1 GB OLS, ridge, LASSO, leave-3-cows-out eave-3-cows-out
raw data and LMM regressions (9/3); split: time and mean R” ~0.87,
MAPE 4.53%
cow
RGB, depth, 1289 paired ?AM ?‘as\l;;“g; 80/ 120‘; i’f"]d (t:'V on Best: InceptionV3
Afridi etal. Body RGB-D, and Do o oot nd D e e 1S RGB; MAE 15.06 kg,
(2024) [109] weight SAM-segmented observations: Farm 1 NR 2 MobileNet an split: image pair; No RMSE 2001 kg,
fant 613, Farm 2 676 EfficientNetB1 animal grouping NR; S o 12
variants Tregressors no farm holdout MAPE 3.57%, R* 0.97
. Mask R-CNN 60/20/20 train/
Side/top RGB 63 enrolled; foreground test/validation; one Top R2 0.96, RMSE
Dohmen et al. Body frames — 61 analyzed; 1 final 63 enrolled; 1 tation + . Jvi N X o
(2021) [110] weight segmented binary o~ analyzed; ' bna 61 analyzed segmentation 1mage per cow/ Vle‘.N’ ° 20 kg; side R 0.91,
images image per cow/view custom CNN mass 50 sample = animal; RMSE 27 kg
Tegressor split: animal/image
Time and
3D contour 83,011 matched CatBoost/ AdaBoost/RE/ ST ertime SP;“S" ) ) )
Gebreyesus et al. Body features + 3D-contour/weight tree; linear, ridge, ;larI dom-zmma " No; no P Best Pcarb'()) n T 0.94;
(2023)1107] weight RFID/walk-over records from o4 3 LASSO, and SV oldout kept 20% unseen-farm MAPE 4.0%; RMSE
. ! cows out; split: test 33kg
weights 914 cows regressions N )
time/cow; no farm
holdout
Random Generally within
Side/rear stereo 85 animals; 170 stereo DeepLabv3+ 90/10 animal-row +20 kg; no
Guvenoglu Body RGB; mask-pixel pairs/340 images; segmentation; 3 fully . MAE/RMSE; CV
. . 85 NR split + 10-fold CV of No
(2023)[111] weight and distance one 85-row feature connected ANNs . . mean actual/
N N combined ANN; split: .
features dataset (side, rear, combined) animal row predicted
411.95/416.403 kg
. Segmentation cow Extra Trees macro-F1
2847 images/ Mask ? X | . N
Handheld RGB+ g 14 567 manual 270 stated R-CNN/ResNet-101;  SPHt75/15/10; Mo two site 0936 (95% CI
Guzhva et al. Body LiDAR range; . 2 research . weight grouped development, 0.860-0.983),
. . masks; weight set (248 + 22); later e GMM weight classes; 3 . .
(2026) [108] weight silhouette/body . . facilities B 80/20 + grouped CV; no unseen-site weighted-F1 0.957,
1080 Batch-9 images, says 248 unique Extra Trees with N
measures untouched 216-image test acc. 0.958;

216 grouped holdout

fold-internal SMOTE

holdout; split: cow

segmentation F1 0.98
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Operation Sensor/Input . No. of No. of . s qage Ext.ema'l . .
Study Categor Modali Dataset Size Animals Farms/Sites Model Family Validation Method Validation Main Metric
gory ty Status
Trial 1: 196 records/ Segmentation held .
i YOLOVS vs. ToU ~0.98; XGBoost
. 20 calves; Trial 2: out 13/48 calves; 2
Liao et al. Body Tob-view depth 3286 videos/ 68 total (20 Trial 1; o weight Sfold calf CV R AL RMSE 7 S 1o
(2025) [121] weight video/mages 48 calves, 48 Trial 2) segmentation; x 100; longitudinal ° -2 o
geometric features . LR/XGBoost; . . 4.37%; LMM R2 0.99,
5751 images longitudinal LMM 90/10-50/50 x 100; .
(4794/957) gituding units: calf/time MAPE 2.39%
Attention
Top/rear RGB + 550 top-view + ResNet-101-D Random 80/20 image BP test R 0.98;
Xu etal. Body masks + body 550 reSr—view images 55 NR (private segmenter; split; split: image; No RMSE 22.73 Ib; MSE
(2024) [112] weight area, age and from 55 cows & farms, plural) MLR/tree/SVM/GPR/  cow/farm 516.59 Ib2; MAE
range BP neural-net grouping NR 13.111b
regressors
css s tation 3:1:1 Calf/adult MAE
. - egmentation 3:1: X
600 dual-view - 3 1.84/12.58 kg; RMSE
. o X PointNet++/CBAM; sample split, no 2.49/14.45 ke: MRE
Zhang et al. Body TOP/M.de depth — sets/300 c§ttle, 1 breeding semantic overlap; weight sets 49/14: g'z
. 3D point clouds + segmentation 300 . 3 No 1.49/1.75%; R
(2026) [113] weight semantic labels 1029 point clouds center reconstruction; 2:1; split: g
sema s o 2058 BPNN/RBENN/RF/  point-cloud/sample; 0.920/0.863;
& < MLR regressors animal grouping NR OA/mloU
98.35/95.61%
View-specific Internal
Synchronized f;‘g;;:ﬁ:ii‘f"es YOLOVSID/behavior train/validation/test (0 s
Hanpinitsak et al. . top/front RGB L Lo detectors + IoU split (propor- 4 O B.195,
Reproductive . 1139 identity); 3 1 RN HA . . and three-cow front 0.435, two-view
(2026) [64] CCTV video . association + tions/grouping NR);
continuous test 17 h . . . cohort ensemble 0.481
(570 x 960, 10 fps) 16 mi rule-based two-view continuous same-site,
min fusion same-cow test
Internet-sourced 6483 images; base Cow-YOLO: f:‘;:“e“‘sl ’f;{,‘dm Precision 99.7%
RGB split 4048/1012/1187; YOLOV5s + 1g ; Prf' 4 No; no 1190.5% AP
Lietal. (2024) [26] Reproductive  images/video training augmented NR NR GCNet/Swin blocks, occrusion-tocuse independent o o )
£ os of t0 10,120: chall BiFPN /SPPF and tests derived from P site test 99.5%, 156.3 fps;
rames of cow 0 10,120; challenge il an arm/site tes ,
N . . test pool plus challenge mAP 99.5%
mounting test 647 coordinate attention : .
236 images
Frame-level 70/20/
X Fine-tuned YOLOv8n 10 split of consecutive | p=085R=0.62;
Giannone et al. Feeding FfEEd_ZD RGB 7235 frames; 70/20/ 19 1 individual-cow video images; Nyo,lsarpe—farm F1=0.72;
(2025) [58] monitoring yideo; 10 split detector and ROI same-farm evatuation feeding-time
feeding-lane ROI . N only
occupancy analysis evaluation; no cow- accuracy ~ 0.88
or farm-held-out test
30 videos; Internal frame split;
RGB video from 4015 images Improved YOLOv5s d ‘:c ct(‘)r / trqckcrptcelte- No; single Upper/lower jaw
Wang et al. Feeding three camera (3209/401/ NR; 1-3 1 (C3_CA, Slim_Neck, n:anual che‘w-coun} o farm/date, no mAP@0.5 97.5/97.9%;
(2024) [62] monitoring positions (1280 x 405 train/validation/ visible/video WIoU) + DeepSORT comparison on independent chew-count false
720, 30 fps) test); 9 chew-count jaw tracking é) herd test detection 3.08%
videos 9 videos
Notes: Study labels use manuscript citations only. BCS = body condition score; ID = individual identification;
NR = not reported; N/A = not applicable. External validation requires an independent farm/site or external
source without retraining or fine-tuning.
Table A4. Context-only general AI/CV /ML technical-method publications (1 = 14).
Operation Sensor/Input . No. of No. of . . - External . .
Study Category Modality Dataset Size Animals Farms/Sites Model Family/Technical Role Validation Method Validation Status Main Metric
Residual CNN
Heetal. (2016)[9]  Contextonly Ceneral context-only N/A N/A image-classification N/A—method/ N/A context-only
enchmark images 7 context paper
backbone (ResNet)
Dosovitskiy et al. General Vision Transformer N/A—method/
(021) [10] Y . Context only benchmark images context-only N/A N/A image-classification context paper N/A context-only
8 backbone (ViT) pap
Bochkovskiy et al. General images/ Real-time one-stage object N/A—method/
(2020) [11] Context only video frames context-only N/A N/A detector (YOLOv4) context paper N/A context-only
Liu et al. General . N/A—method/
(016) [14] Context only benchmark images context-only N/A N/A One-stage object detector (SSD) context paper N/A context-only
Redmon et al. General images/ ~ Real-time one-stage object N/A—method/ g
(2016) [12] Context only video frames context-only N/A N/A detector (original YOLO) context paper N/A context-only
Redmon and General images/ et One-stage object N/A—method/ ot
Farhadi (2018) [13]  Contextonly video frames context-only N/A N/A detector (YOLOV3) context paper N/A context-only
Heetal. General images/ Instance detection and N/A—method/
(2017) [15] Context only video frames context-only N/A N/A segmentation (Mask R-CNN) context paper N/A context-only
. Multi-subject 2D
Caoet al; Context only Qeneral images/ context-only N/A N/A pose/keypoint N/A—method/ N/A context-only
(2017) [17] video frames estimation (OpenPose) context paper
. . Markerless pose estimation of
gg : }8\;5[ 1e;]a I Context only i[i:er-la-l/j‘e,lifjd arf\:mn? ! . context-only N/A N/A user-defined body N){][?;rnethord/ N/A context-only
ages/video frames parts (DecpLabCut) context paper
. - Multi-object tracking with .
(AZ‘E;;))?I?)[] al Context only Z]‘C(l;g adit:ctlons context-only N/A N/A association and re-identification N)(\/?‘x tm;th‘(;d/ N/A context-only
nd fracks (BoT-SORT) context pape
Bewley et al. Video detections Simple online real-time N/A—method/
(2016) [20] Context only and tracks context-only N/A N/A multi-object tracking (SORT) context paper N/A context-only
. . . Multi-object tracking with deep
Wojke et al. Video detections . N P N/A—method/ ~
(2017) [21] Context only and tracks context-only N/A N/A appearance association context paper N/A context-only

(Deep SORT)
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Table A4. Cont.

Operation Sensor/Input . No. of No. of . . P External . .
Study Category Modality Dataset Size Animals Farms/Sites Model Family/Technical Role Validation Method Validation Status Main Metric
. . Multi-object tracking using
Zhang etjal. Context only Video detections context-only N/A N/A high- and low-confidence N/A—method/ N/A context-only
(2022) [22] and tracks detections (ByteTrack) context paper 7
Qualitative case study of the
o ML software-engineering
Amershi et al. Context only No sensor input context-only N/A N/A lifecycle, covering N/A—method/ N/A context-only
(2019) [126] d 8 context paper
evelopment, testing,
deployment, and maintenance
Note: These publications were retained solely for technical or contextual positioning and were not assigned to
a dairy cow operation or included in the operation-level synthesis. Operation-specific fields are marked N/A
because they do not apply to these context-only records.
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