
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

DGV-Suite: A Benchmark Suite of Task-Specific Annotations for
Dairy Goat Vision

Yifan Wei
weiyifan@nwafu.edu.cn
Northwest A&F University
Yang ling, Shaanxi, China

Jinglei Tang∗
tangjinglei@nwsuaf.edu.cn
Northwest A&F University
Yang ling, Shaanxi, China

Gaoge Han
hangaoge@gmail.com

MBZUAI
Abu Dhabi, UAE

Hao Rong
ronghao@nwafu.edu.cn

Northwest A&F University
Yang ling, Shaanxi, China

Xianglong Pei
peixianglong@nwafu.edu.cn
Northwest A&F University
Yang ling, Shaanxi, China

Ruizi Han
25B951126@stu.hit.edu.cn

Harbin Institute of Technology
Shen Zhen, Guangdong, China

Abstract
Dairy goats have attracted increasing attention recently due to their
nutritional and economic importance, as well as their growing role
in global livestock production. Meanwhile, computer vision and
intelligent multimedia analysis have shown strong potential for
improving dairy goat management by enabling automated moni-
toring, behavior understanding, and fine-grained decision support
in practical farming environments. However, existing dairy goat
datasets are typically small in scale, task-isolated, and collected un-
der constrained conditions, making them insufficient for intelligent
multimedia analysis in realistic farming environments. To address
this gap, we present DGV-Suite a large-scale benchmark suite for
dairy goat vision, organized as multiple task-specific annotations
under a standardized benchmark framework, containing 32,007 im-
ages and 1,459 videos collected from authentic farm environments,
covering diverse conditions of illumination, occlusion, and inter-
animal interaction. The benchmark supports eight representative
tasks, including object detection, instance segmentation, semantic
segmentation, object tracking, pose estimation, behavior recogni-
tion, individual identification, and image generation; it provides a
task-specific annotation for diverse dairy goat visual understand-
ing scenarios. We further establish benchmark settings and report
baseline results on six supervised tasks using representative mod-
els, confirming the practical application challenges and benchmark
value of DGV-Suite which provides a valuable resource for advanc-
ing future research in precision livestock farming, dairy goat scene
understanding, and intelligent multimedia analysis. DGV-Suite is
available: https://y-f-wei.github.io/DGV-Suite/

Keywords
Dairy goat vision benchmark, Task-specific annotations, Intelligent
multimedia analysis

1 Introduction
Dairy goats are specialized caprine breeds selectively improved
for milk production and constitute an important component of
diversified livestock and dairy systems worldwide. They are par-
ticularly valued for their strong ecological adaptability, efficient
use of relatively low-quality feed resources, and capacity to re-
main productive under environmental and resource constraints.

∗Corresponding author

Goat milk has long been integrated into human diets due to its
excellent nutritional profile, supporting a wide variety of fresh and
processed dairy products. These characteristics make dairy goats
not only economically relevant to rural livelihoods and dairy in-
dustries but also scientifically important for data-driven livestock
research[11, 13, 27].

According to the Food and Agriculture Organization of the
United Nations (FAO) world stock statistics from 2000 to 2024 [15],
goats exhibit the most pronounced long-term growth among the
four major livestock species, compared with the more moderate
trends observed for cattle, swine, and sheep. The global goat pop-
ulation exceeded 1.1 billion heads in 2024, representing a 57.6%
increase relative to 2000, which further highlights the growing im-
portance of goats in modern livestock production. With the rapid
advancement of precision livestock farming (PLF), intelligent multi-
media analysis has become a key enabler for automating dairy goat
monitoring, health assessment, and individual management[40].
Conventional identification relies on physical markers such as ear
tags or RFID chips. Video-based and image-based multimedia sens-
ing provides non-contact continuous monitoring of individuals and
enables behavioral analysis[17, 36]. Such approaches can reduce
routine handling, lower animal stress, and lessen the burden of
manual data collection.[33, 55]. However, compared to cattle and
swine, dairy goats remain underrepresented in vision-based and
multimedia-oriented research[4]. A major bottleneck is the absence
of large-scale, standardized benchmark resources, which hinders
the development, evaluation, and fair comparison of robust models
for dairy goat visual understanding[31, 32].

Despite growing interest in vision-based andmultimedia-enabled
livestock analysis, currently available dairy goat datasets remain far
from adequate. Existing datasets for dairy goat analysis suffer from
several fundamental limitations. First, most available resources
are task-isolated, typically designed for a single objective such as
object detection[20, 45, 50], pose estimation[29, 39], or individual
identification[1, 37], rather than being organized under a common
benchmark framework for broader visual understanding in intelli-
gent farming scenarios. This fragmentation limits the development
and fair evaluation of models across related tasks and reduces their
practical utility in multimedia-enabled livestock management sys-
tems. Second, many existing datasets remain relatively small in scale
and limited in diversity, often containing only a few thousand im-
ages collected under constrained conditions[1, 2, 20, 29, 39, 48]. Such
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Table 1: Public image and video datasets for livestock farming.

Dataset Images Videos Object Detection Identification Pose Estimation Segmentation Tracking Behavior Recognition

FriesianCattle [Andrew et al., 2017] 940 - ✓ ✓
Aerial-livestock [Han et al., 2019] 89 - ✓
NWAFUCattle [Li et al., 2019a] 2,134 - ✓
CattleVideo [Qiao et al., 2021] - 363 ✓

CVB [Zia et al., 2023] - 502 ✓
CattleEyeView [Ong et al., 2023] - 14 ✓ ✓ ✓ ✓
PigPosture [Riekert et al., 2020] 305 - ✓
AggressiveBR [Gao et al., 2023] - 1,106 ✓

SheepBreed [Abu Jwade et al., 2019] 1,642 - ✓
SheepActivity [Kelly et al., 2024] - 417 ✓
DroneGoat [Vayssade et al., 2019] 517 - ✓

RTGoat [Sun et al., 2024] - 123 ✓
DGV-Suite(our dataset) 32,007 1,459 ✓ ✓ ✓ ✓ ✓ ✓

limitations restrict model robustness and lead to poor generalization
across farms, seasons, and breeds. Moreover, dairy goats present
distinctive challenges for visual analysis: their high inter-individual
similarity makes identity-related tasks particularly difficult, while
the lack of long-term annotated video data with persistent individ-
ual IDs hinders continuous tracking, behavior understanding, and
individualized management.

To address these challenges, we introduce DGV-Suite a large-
scale benchmark suite specifically designed for intelligent dairy
goat farming and multimedia-based animal understanding. Rather
than a fully aligned sample-level multi-task dataset, DGV-Suite is
organized as eight task-specific subsets with 32,007 images and
1,459 videos. Compared with existing dairy goat resources, DGV-
Suite provides broader and more systematic task coverage under a
unified data organization and evaluation framework. Importantly,
the dataset was collected in authentic and challenging farm envi-
ronments, encompassing multiple dairy goat habitats, including
barns, exercise yards, and milking parlors, thereby ensuring that
downstream models exhibit robustness and high generalization
capabilities. In summary, our contributions are as follows:
•DGV-Suite Task-Structured Benchmark Suite.We introduce
DGV-Suite a large-scale benchmark suite of task-specific annota-
tions for dairy goat vision, covering eight representative tasks in
intelligent farming scenarios. DGV-Suite is the first benchmark
resource to provide such broad and systematically organized
task coverage for dairy goat visual understanding.

• Task-Specific Annotation Framework. Rather than formulat-
ing all tasks as a fully aligned multi-task dataset, we organize
DGV-Suite as eight task-specific annotations under a standard-
ized benchmark framework. Each annotation is constructed with
emphasis on precision, definition consistency, temporal continu-
ity, instance discrimination, and real-scene diversity, enabling
reliable evaluation across authentic farm environments.

•Baselines and Insights. We establish extensive benchmark
results across six supervised tasks using representative state-
of-the-art architectures. These results validate the complexity
and practical value of DGV-Suite while highlighting key chal-
lenges, including cross-scene robustness, identity-aware analy-
sis, long-term tracking, and behavior understanding in real farm
environments.
DGV-Suite addresses the long-standing lack of standardized

benchmark resources for dairy goat-centered visual understanding

and intelligent multimedia analysis. We believe it will accelerate
research in intelligent animal monitoring and contribute to more
efficient and sustainable dairy goat production.

2 Related works
General-purpose vision benchmarks such as ImageNet[12], COCO[30],
and AVA[19] have established the foundation for vision recognition,
detection, and action analysis. More recent datasets like Animal
Kingdom[34] extend to wildlife perception and multi-species be-
havior understanding.

Recent years have seen increasing adoption of computer vision
in precision livestock farming, enabling non-contact monitoring
for individual identification, behavior understanding, and welfare
assessment. We introduce several easily accessible PLF datasets
in Table 1. Cattle-focused datasets have been widely used for re-
identification, object detection, and behavior detection, such as
the FriesianCattle[2], CattleVideo[37], and CVB[61], yet they lack
fine-grained temporal annotations or cross-farm generalization. Pig-
oriented datasets, including PigPosture[39], and AggressiveBR[18],
provide pose estimation and action behavior detection but are
often limited to controlled indoor environments with homoge-
neous lighting. Despite this progress, several persistent gaps re-
main. Most livestock datasets are single-task or specific-task, sup-
porting only one perception objective, such as detection, pose
estimation, or re-identification, without integrating multiple vi-
sion functions[1, 20, 29, 37, 39, 44, 48, 61]. Dataset scales remain
modest, typically ranging from a few hundred to thousands of
samples[1, 2, 20, 29, 37, 39, 44, 48, 61]. CattleEyeView supports mul-
tiple vision tasks, but it only has 14 video sequences[35], insufficient
for large-model training or robust cross-domain transfer. Addition-
ally, health-related vision labels[56], such as lameness[53], are rare,
restricting their use in welfare monitoring and precision diagnostics.
Finally, only a few datasets include temporal continuity[35, 61], a
prerequisite for modeling long-term behaviors and detecting subtle
anomalies.

Compared to other livestock, dairy goats have lower coverage
in public datasets. In recent years, research on dairy goats has
gradually increased. RTGoat[44] contains 123 video sequences
primarily used for real-time tracking tasks of dairy goats. These
datasets are relatively small, collected and annotated for specific
tasks only[44, 48, 53], resulting in limited vision diversity and an-
notation consistency. As a result, they provide insufficient scene
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Figure 1: (a) Examples of mask annotations in the semantic segmentation. Green pixels represent dairy goats. (b) Examples of
bounding box annotations in object detection. (c) Examples of polygon annotations in the instance segmentation. (d) Examples
of keypoint annotations in the pose estimation. (e) Examples of body and head sequences in object tracking.

diversity, annotation consistency, and benchmark coverage for de-
veloping robust models or supporting systematic evaluation across
broader dairy goat visual understanding scenarios.

3 Dataset construction
3.1 Data acquisition

Farm environment. All data in DGV-Suite was collected at a large-
scale dairy goat research and teaching farm in northwestern China.
The farm maintains 159 lactating Saanen dairy goats aged from
one month to eight years, together with 10 black goats under the
same management conditions. The farm consists of a semi-open
housing system with both indoor and outdoor areas. The indoor
barn is approximately 50m long, 10m wide, and 5m high, with
multiple fenced pens arranged on both sides of a central passage.
Each pen is connected to an outdoor enclosure through a small gate
with windows above it for natural lighting. The outdoor area is
approximately 25m × 5m and includes feeding troughs for routine
activity and feeding. This configuration provides substantial real-
world variation in lighting, background, viewpoint, occlusion, and
behavioral context.

Acquisition devices and configuration. Data acquisition was per-
formed using a multi-camera configuration deployed in indoor
barns and outdoor exercise areas. Continuous videos were recorded
using YW7100HR-SC9 high-definition infrared network cameras
mounted at elevated indoor positions and beneath outdoor over-
hangs, providing stable top-down views for long-term monitoring.

Additional DS-IPC-B12-I/POE cameras were installed on surround-
ing support walls at a height of approximately 3m and oriented
downward at an angle of about 60◦ to ensure full coverage of the
pens. All cameras recorded at 1080p resolution and 25 fps, and were
connected via wired links to a central workstation for synchronized
data collection.

During the daily recording period from 09:00 to 18:30, groups
of goats moved freely within indoor pens and outdoor enclosures,
generating naturally diverse visual scenes. The raw footage was
segmented into shorter clips, and clips affected by severe motion
blur, defocus, or heavy occlusion were manually removed. To com-
plement the video data, high-resolution still images were captured
using a Canon EOS 60D digital camera, with each image centered
on an individual goat. Images with blur, low contrast, or strong
environmental obstruction were also filtered through manual in-
spection.

3.2 Annotation protocols
Pose estimation and behavior recognition. For the pose esti-
mation subset, videos were processed with FFmpeg to extract key
frames at 5-second intervals, and each frame was annotated with 17
anatomical keypoints in COCO format. The keypoint scheme was
designed to be biologically meaningful, consistently defined, and
practically annotatable. Annotation quality was controlled with
emphasis on keypoint accuracy, pose diversity, and challenging
cases such as occlusion, deformation, and viewpoint variation. For
the behavior recognition subset, behavior categories were defined

3
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according to the principles of universality, authenticity, and evalua-
bility. Only clips with complete and visually clear action segments
were retained, and each segment was manually assigned to a pre-
defined class. To improve the practical value of this subset, we
emphasized clear behavior definitions, temporal annotation reli-
ability, behavioral diversity, environmental robustness, and class
balance. The detailed definitions of anatomical keypoints and be-
havior categories are provided in the supplementary material on
the DGV-Suite project page.
Detection and tracking. For the object detection subset, video
frames were manually annotated with bounding boxes using Labe-
lImg and stored in PASCAL VOC format, with emphasis on accu-
rate localization under occlusion, viewpoint variation, and dense
scenes. For the tracking subset, videos were converted into image
sequences and annotated frame by frame in the ImageLabel tool,
where both head and body regions were labeled as tracking targets.
The resulting annotations were organized in the VOT [26] format,
emphasizing temporal continuity and target consistency under oc-
clusion, overlap, and high inter-individual similarity.
Segmentation tasks. For the instance segmentation subset, anno-
tations were created using LabelMe[42], where each goat instance
was manually delineated and assigned a class label. All annotations
were stored in COCO format. The annotation process emphasized
accurate instance separation and high-quality mask boundaries
in realistic scenes with occlusion and overlap. For the semantic
segmentation subset, pixel-level annotations were generated us-
ing the Baidu EasyData platform. Images were manually labeled
by semantic regions, with emphasis on clear category definitions
and consistent region assignment, to support fine-grained scene
understanding in complex farm environments.
Identification and generation. For individual identification, no
additional manual annotations were applied. Instead, images of each
goat were organized into separate identity folders. The subset was
constructed to preserve sample diversity across poses, viewpoints,
and time while maintaining the high visual similarity between indi-
viduals. For image generation, manually filter out samples affected
by blur, low contrast, or strong visual obstruction. Rather than
using explicit spatial annotations, the images were organized by
scene type, coat color, and posture to support image generation,
domain translation, and data augmentation.

All annotations follow a unified naming convention and hier-
archical directory structure. The annotation team consisted of re-
searchers with relevant expertise, and quality control was per-
formed through cross-validation among annotators, automated
format checking, and manual review of randomly sampled labels.
Together, these procedures enhance annotation consistency, reli-
ability, and reproducibility. Fig 1 presents visual examples of an-
notations for several representative tasks in DGV-Suite. For a de-
tailed description of the dataset, please visit our project website:
https://y-f-wei.github.io/DGV-Suite/.

3.3 Data statistics and characteristics
The pose estimation dataset comprises 5,268 images, each annotated
with 17 anatomical keypoints that represent major body regions,
such as the torso and limbs. Each keypoint is further associated
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Figure 2: Percentage of invisible keypoints in the pose esti-
mation subset.

with a visibility indicator, allowing explicit evaluation of occlusion-
aware pose estimation. Keypoint visibility statistics are shown in
Fig 2. Real-world challenges, including self-occlusion, inter-animal
overlap, and viewpoint variation in farm environments, lead to
highly non-uniform visibility distributions across keypoints from
different anatomical regions.

The behavior recognition subset contains 1,259 video clips. It
covers both indoor and outdoor farm environments and includes
seven behavior categories, as shown in Fig 3a. Common daily be-
haviors such as standing, walking, and lying are represented with
relatively sufficient samples. At the same time, the subset also in-
cludes rare but practically important abnormal behavior, such as
paralyzing, which is difficult to collect in large quantities under real
farming conditions; it preserves the natural frequency characteris-
tics of real dairy goat behaviors. The combination of short and long
clips further enables the benchmark to capture both transient and
sustained motion patterns, making it suitable for benchmarking
behavior recognition under realistic and diverse farm scenarios.

The object tracking subset includes 65 head-level sequences
(45,915 frames) and 135 body-level sequences (115,285 frames), as
shown in Fig 3b. All sequences were annotated frame by frame
with temporally continuous labels and strict identity consistency,
ensuring stable trajectories without erroneous ID switches. High-
precision bounding boxes were maintained throughout the se-
quences. Collected from realistic farm scenes, the subset includes
challenging cases such as occlusion, inter-animal overlap, strong
appearance similarity, and dense group housing.

The object detection subset contains 3,430 images with 8,216
annotated instances. As shown in the outer ring of Fig 3c, it cov-
ers single-goat, multi-goat, and negative scenes, reflecting diverse
real-world observations of farms. The substantial proportion of
multi-target samples introduces realistic challenges, including oc-
clusion, overlap, dense layouts, and pose variation, making the
subset suitable for benchmarking robust detection models in com-
plex dairy goat environments.
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Figure 3: (a) Category distribution of the behavior recognition subset. (b) Annotations statistics of the object tracking subset. (c)
Distribution of instance counts per image. The outer ring corresponds to object detection, and the inner ring corresponds to
instance segmentation. (d) Distribution of mask annotations in the semantic segmentation subset.

The instance segmentation subset contains 3,100 images with
5,572 annotated instances. As shown in the inner ring of Fig 3c, it
includes both isolated and crowded scenes with diverse poses and
spatial interactions. A sufficient number of multi-instance samples
provides challenging cases for precise mask prediction under occlu-
sion, boundary ambiguity, and complex backgrounds, supporting
fine-grained evaluation of instance segmentation models in realistic
farm settings.

The semantic segmentation subset contains 1,829 images, each
paired with a manually annotated pixel-level mask. The annota-
tion protocol follows clear and unambiguous semantic category
definitions, while emphasizing precise object boundaries and fine
structural details. As shown in Fig 3d, the foreground pixel ratio
varies across images, indicating substantial diversity in spatial cov-
erage, scene composition, and target layout. Most masks occupy a
relatively small portion of the image, which reflects realistic farm
observations where goats often appear under partial views, complex
poses, occlusion, and varied distances from the camera. Although
most masks occupy a relatively small image area, the subset also
includes denser foreground cases.

The individual identification subset contains 15,380 images from
159 dairy goats aged from 1 month to 8 years. This wide cover-
age of identities and age stages introduces substantial appearance
variation in body size, shape, texture, and visual maturity, while pre-
serving the high inter-individual similarity characteristic of dairy
goats. In addition, the subset includes natural variations in pose,
viewpoint, and capture conditions, making it suitable for evaluating
identity-aware models under realistic cross-age and cross-scene
settings.

The image generation subset contains 3,000 images organized
by scene type (indoor/outdoor), color (black/white), and posture
(standing/lying). This controlled yet diverse composition provides
a practical basis for generative modeling, domain translation, and
data augmentation. By covering multiple environmental and ap-
pearance factors, the subset supports the learning of generation
models that preserve biologically plausible goat structure while
adapting to diverse visual conditions.

4 Benchmark protocols
4.1 Tasks, splits, and evaluation metrics
We establish benchmark protocols on DGV-Suite across six su-
pervised tasks, including object detection, instance segmentation,
pose estimation, semantic segmentation, behavior recognition, and
object tracking. These tasks are selected because they cover repre-
sentative perception problems in dairy goat visual understanding
and have well-defined supervised evaluation settings. For each task-
specific subset, the data are divided into training, validation, and
test sets with a ratio of 7:1:2. Model checkpoints are selected ac-
cording to validation performance, early stopping is applied when
the validation metric no longer improves, and all final results are
reported on the test set.

Task-specific evaluation metrics follow standard practice in the
corresponding research communities. For object detection and in-
stance segmentation, we report AP, AP50, and AP75 to evaluate
localization and mask quality under different overlap thresholds.
For pose estimation, we also report AP, AP50, and AP75 to measure
keypoint localization performance. For semantic segmentation, we
adopt mIoU, mDice, and mPA to assess pixel-level region predic-
tion quality. For behavior recognition, we report mAP, mAcc, and
F1 to reflect classification performance under diverse behavioral
categories. For object tracking, we use EAO, Success, and Speed to
evaluate tracking accuracy, robustness, and efficiency.

4.2 Benchmark results
Table 2 summarizes the benchmark results of representative base-
lines on DGV-Suite across six supervised tasks. The underlined
models are trained on 4060Ti and the rest on A40 GPU. Overall,
more recent architectures generally outperform earlier designs, in-
dicating the effectiveness of modern model families on dairy goat
visual understanding. At the same time, the remaining performance
gap across tasks highlights the practical difficulty and benchmark
value of DGV-Suite especially under realistic farm conditions in-
volving occlusion, dense animal layouts, strong inter-individual
similarity, and complex backgrounds.
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Table 2: Benchmark results of representative baselines on
DGV-Suite across six supervised tasks

Object Detection

Model Backbone AP AP50 AP75

Faster R-CNN[38] r50 0.5555 0.9845 0.6819
Cascade R-CNN[6] r50 0.5930 0.9765 0.6689

FCOS[47] r50 0.5160 0.9430 0.5090
YOLO v7[49] E-ELAN 0.5994 0.9878 0.7936
YOLO v11[25] C2PSA 0.6346 0.9826 0.8023

Instance Segmentation

Mask R-CNN[21] r50 0.7913 0.9775 0.9525
YOLACT[5] r50 0.8107 0.9688 0.9288
SOLOv2[54] r50 0.8707 0.9899 0.9792

YOLOv8-Seg[23] CSPDarknet 0.6112 0.7991 0.6708
YOLOv12-Seg[46] R-ELAN 0.8930 0.9940 0.9884

Pose Estimation

HRNet[43] w32 0.9139 0.9766 0.9454
PVT v2[52] b2 0.9055 0.9750 0.9521
RTMPose[22] CSPNeXt 0.9145 0.9764 0.9448
GRMPose[8] CSPNeXt 0.9117 0.9765 0.9550

Semantic Segmentation

Model Backbone mIoU mDice mPA

U-Net[41] r50 0.7462 0.7983 0.7262
DeepLabV3+[9] r50 0.7750 0.8692 0.8618
SegFormer[57] MiT 0.7698 0.8638 0.8597
SegMAN[16] SegMAN Encoder 0.7670 0.8616 0.8578

Behavior Recognition

Model Backbone mAP mAcc F1

I3D[7] r50 0.7690 0.7019 0.6890
SlowFast[14] r50 0.7103 0.6935 0.6829

TimeSformer[3] ViT 0.7710 0.7026 0.6890
VideoMAE v2[51] ViT 0.8091 0.7294 0.7256

ELSlowFast-LSTM[59] r50 0.8195 0.7195 0.7012

Object Tracking

Model Backbone EAO Success Speed

SiamRPN++[28] r50 0.2489 0.6401 33fps
STARK[58] r50 0.2681 0.8037 25fps
SeqTrack[10] ViT 0.2732 0.7945 21fps
ODTrack[60] ViT 0.2893 0.8102 23fps

In object detection, YOLOv11[25] achieves the highest precision,
surpassing both two-stage and anchor-free detectors. For instance
segmentation, YOLOv12-Seg[46] attains the best performance, out-
performing both two-stage frameworks and earlier one-stage mod-
els, while demonstrating strong robustness to illumination and
occlusion. RTMPose[22], which is based on the CSPNeXt backbone,
strikes the best balance between accuracy and efficiency in pose
estimation. GRMPose[8], on the other hand, achieves higher pre-
cision when the evaluation thresholds are stricter. For semantic
segmentation, DeepLabV3+[9] remains competitive through its effi-
cient boundary refinement mechanism, outperforming transformer-
based and multi-scale fusion models. In behavior recognition, EL

SlowFast-LSTM[59] achieves superior temporal consistency, sur-
passing both CNN-based and transformer-based methods. Finally,
in object tracking, ODTrack[60] reaches the highest EAO, benefiting
from global feature interaction and faster convergence compared
with prior transformer-based trackers.

5 Discussion
Benchmark difficulty and real-world relevance. The benchmark re-

sults demonstrate that DGV-Suite provides a practically challenging
testbed for dairy goat visual understanding and that the dataset pro-
vides sufficient complexity to distinguish model capabilities while
preserving practical relevance for dairy goat visual understanding.
The difficulty mainly arises from realistic farm conditions, including
dense layouts, inter-animal overlap, partial occlusion, strong ap-
pearance similarity, and complex indoor-outdoor backgrounds. For
object detection and instance segmentation, performance is affected
by dense layouts, inter-animal overlap, and frequent partial occlu-
sion. For pose estimation, the non-uniform visibility distribution of
anatomical keypoints reveals strong self-occlusion and viewpoint
difficulty. For semantic segmentation, small object regions, irreg-
ular boundaries, and complex backgrounds make accurate region
parsing challenging. For behavior recognition, the coexistence of
short-term and long-term actions and category imbalance increases
the difficulty of robust temporal modeling. For object tracking,
long-term occlusion, close interactions, and strong appearance sim-
ilarity between individuals make identity preservation particularly
difficult.

Implications for model development. The benchmark results sug-
gest that robust dairy goat visual understanding requires models
that can jointly capture fine-grained local structure and broader
contextual information. Tasks such as pose estimation and segmen-
tation are sensitive to boundary quality, part-level details, and occlu-
sion, while tracking and behavior recognition additionally require
temporal continuity and identity-aware representation. In addition,
no single architectural paradigm is consistently superior across
all tasks, indicating that model effectiveness depends strongly on
the match between task characteristics and architectural inductive
biases. Therefore, DGV-Suite can serve not only as a benchmark for
performance evaluation but also as a practical testbed for studying
task-specific model design in precision livestock farming.

6 Conclusion
In this paper, we introduced DGV-Suite a large-scale benchmark
suite of task-specific annotations for dairy goat vision. The dataset
contains eight representative tasks in realistic intelligent farming
scenarios. supports systematic evaluation for dairy goat visual un-
derstanding in authentic farm environments. We evaluated repre-
sentative baselines on six supervised tasks. The results demonstrate
the practical difficulty and benchmark value of DGV-Suite partic-
ularly under realistic challenges such as occlusion, dense layouts,
high inter-individual similarity, and complex backgrounds. This
also fills an important gap in dairy goat visual understanding, pro-
viding a practical resource for future research in precision livestock
farming and intelligent multimedia analysis.
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