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Abstract
Long-term multi-animal tracking in densely group-housed agricul-
tural settings is critical for automated behavior monitoring and
early anomaly detection in precision livestock farming. However, it
poses significant challenges due to persistent occlusions from feed-
ers and water dispensers, high inter-individual appearance similar-
ity, and drastic visual changes across day and night cycles. Existing
multi-object tracking datasets rarely capture the combined difficulty
of these real-world conditions. To address this, we introduce Oink-
Track, a large-scale benchmark for continuous multi-pig tracking
in commercial farm environments. The dataset comprises over five
hours of annotated video across sixteen sequences, covering day,
night, night-to-day, and day-to-night transitions. Each sequence
ranges from one minute to one hour, featuring an average of thirty-
six pigs per frame. In total, OinkTrack provides 573,700 bounding
boxes linked to 574 consistent pig identities. It enables detailed be-
havior analysis under varying lighting and crowding conditions.We
describe the data collection and annotation process, present statisti-
cal insights into tracking difficulty, and benchmark 11 state-of-the-
art tracking methods. OinkTrack provides a robust foundation for
developing long-term trackingmodels and supports downstream ap-
plications such as individual activity profiling and early detection of
abnormal behavior in real-world, high-density animal populations.
The complete dataset and supplementary materials are publicly
accessible at https://leohuang0511.github.io/oinktrack-page.
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Figure 1: Comparison ofmaximumand total video lengths be-
tween OinkTrack and other representative MOT datasets [2,
3, 15, 32, 34, 39, 40, 50, 54].
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1 Introduction
Automated animal monitoring has become a key component of mod-
ern precision agriculture, offering crucial benefits in animal welfare,
health diagnostics, and operational efficiency [7, 30, 35]. Among the
enabling technologies, Multi-Object Tracking (MOT) plays a central
role in enabling fine-grained, identity-preserving behavior analysis.
However, achieving accurate long-term tracking in real-world agri-
cultural settings remains a formidable challenge. In group-housed
environments such as pig farms, tracking systems must contend
with severe inter-individual appearance similarity [50], frequent
occlusions caused by dense interactions, and infrastructure such as
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NightDay

DayNight

Figure 2: Annotated OinkTrack sequences showcasing day-night transitions. Four pigs are highlighted for ID consistency,
with all other individuals also tracked. These scenes exemplify the core challenges of OinkTrack: dense pig groups, complex
interaction, diverse motion, and frequent occlusion/reappearance events.

feeders and water dispensers [40], and complex social dynamics and
motion patterns [54]. These challenges are further intensified by
the need for continuous tracking across full diurnal cycles, during
which dramatic changes in illumination significantly degrade the
reliability of appearance-based models [28].

Despite recent advances in MOT algorithms [18, 19, 48, 51, 55],
most existing benchmarks are short in duration and focused on
human-centric scenarios [12, 15, 32, 39]. Datasets involving animals
are emerging [34, 40, 50, 54], but they typically consist of short
clips, limited numbers of individuals, or restricted environmental
diversity. While long-duration datasets such as LaSOT [17] have
been proposed, they target single-object tracking and do not capture
the multi-agent interactions or identity-switch challenges present
in densely housed animal settings. Although collecting farm video
footage is relatively easy, large-scale annotation under persistent
identity supervision remains a major bottleneck, particularly in
dynamic, high-density environments like commercial pig farms.

To fill this gap, we introduce OinkTrack, a new large-scale bench-
mark designed to advance research in Long-Term Multi-Animal
Tracking (LTMAT) under real-world farming conditions. OinkTrack
contains 16 continuous video sequences totaling over 5 hours of
annotated footage. These sequences range from one minute to one
hour, with an average length of over 1,100 seconds and up to 35.88
pigs per frame. The dataset spans diverse lighting conditions, includ-
ing daytime, nighttime, and full day-to-night transitions. In total, it
includes 573,700 bounding boxes and 574 identity-consistent trajec-
tories, each annotated with high-quality 2D bounding boxes and
persistent IDs. As illustrated in Fig. 1, OinkTrack significantly out-
performs existing MOT datasets in both maximum and total video
length, establishing a new benchmark standard for long-duration
tracking in complex, high-density environments.

We describe the data collection and annotation process, provide
statistical analysis of the dataset’s unique properties and benchmark
11 state-of-the-art MOT models. Our experiments reveal that Oink-
Track presents significant challenges in identity preservation under
visual ambiguity, handling long-term occlusions, and maintain-
ing robust tracking through drastic illumination changes. As such,
OinkTrack sets a new standard for evaluating long-term tracking
performance and provides a critical resource for both multimedia
and agricultural research communities.

The main contribution of this work is three-fold. 1) We introduce
OinkTrack, the first benchmark tailored for long-term multi-animal
tracking in commercial pig farming environments. 2) The dataset
enables fine-grained behavior analysis with over 500K annotations
across identity-consistent trajectories. 3) We benchmark state-of-
the-art tracking algorithms, revealing key challenges in identity
preservation, occlusion handling, and robustness to visual changes.

2 Related Work
2.1 Multi-animal Tracking
Recent years have seen substantial advances in Multi-Object Track-
ing (MOT), including tracking-by-detection [1, 20, 29, 51, 52], joint
detection and tracking [4, 41, 44, 56], and propagation-based meth-
ods [31, 37, 49, 53]. These methods are primarily evaluated on short-
term, human-centric datasets such as MOT16 [32], MOT20 [15],
DanceTrack [39], and SportsMOT [12]. Although some general-
purpose MOT datasets [2, 14] include animal categories, they lack
the scale needed for detailed behavior analysis. In response, several
animal-specific datasets have emerged, targeting natural environ-
ments [34, 50, 54] or within specific contexts [3, 24, 38, 40]. However,
most of these datasets contain short sequences (typically seconds
to a few minutes), which limits their applicability to long-term
behavior and health monitoring in livestock environments.

2.2 Long-term Tracking
Long-term tracking focuses on maintaining object identities over
extended periods despite occlusions, re-entries, and drastic appear-
ance changes. While prior work has proposed dedicated meth-
ods [13, 25, 28, 45, 47] and single-object benchmarks [17, 23, 33, 42],
these efforts largely overlook multi-object and densely populated
scenarios. Although someMOTmodels support longer sequences [8,
10, 21, 26, 34], datasets that capture the compounded challenges
of tracking group-housed livestock over long durations remain
scarce [3, 38, 40]. To address this, we propose OinkTrack, a bench-
mark designed for long-term multi-animal tracking in commercial
pig farms. With sequences up to one hour and consistent identi-
ties across full diurnal cycles, it introduces significant challenges
in identity preservation, occlusion handling, and visual robust-
ness—advancing research in both MOT and agricultural AI.
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Table 1: Comparison of OinkTrack with popular MOT benchmarks. OinkTrack stands out for its long video durations, dense
annotations, full day–night transitions, and inclusion of synchronized audio—features rarely combined in existing MOT
datasets. “-” represents values that are unavailable.

Benchmark Videos Classes Avg. len. Max. len. Total len. Avg. Total Frame Anno. Total Total Day-night Audio(min) (min) (min) tracks tracks rate FPS boxes frames transition

KITTI [22] 50 5 0.17 - 8.30 52.00 2600 30 10 80K 14K % %

MOT17 [32] 14 1 0.55 1.42 7.72 95.07 1331 30 30 300K 11K % %

MOT20 [15] 8 1 1.11 2.22 8.92 479.12 3833 25 25 2.1M 13K % %

TAO [14] 2907 833 0.61 - 1782.96 5.90 17287 30 1 333K 2.6M % %

PigTrace [40] 29 1 0.08 0.08 2.42 28.31 821 3, 6 3, 6 1.5K 0.5K % %

Pig_Behaviors [3] 12 1 1.00 1.00 12.00 8.00 96 10 10 1.2K 7.2K % %

GMOT-40 [2] 40 10 0.15 0.40 5.93 50.65 2026 24-30 24-30 256K 9.6K % %

AnimalTrack [50] 58 10 0.24 1.26 13.73 33.00 1927 30 30 429K 24K % %

DanceTrack [39] 100 1 0.88 2.00 88.2 9.00 990 20 20 877K 105K % %

SportsMOT [12] 240 3 0.42 - 100.25 14.17 3401 25 25 1.6M 150K % %

BuckTales [34] 12 2 0.99 3.22 11.88 62.17 746 30 30 1.2M 21K % %

NetTrack [54] 106 22 0.12 0.37 12.84 6.30 668 25 25 85K 19K % %

OinkTrack (ours) 16 1 19.00 60.00 303.93 35.88 574 15 1 573K 273K " "

3 OinkTrack
To advance research in long-term multi-animal tracking (LTMAT),
we present OinkTrack, a novel dataset featuring real-world video
sequences with dense identity annotations for group-housed pigs.
Designed to capture the complex dynamics of commercial livestock
environments, OinkTrack enables benchmarking of tracking algo-
rithms under extreme real-world conditions, including persistent
occlusions, high inter-object similarity, and drastic illumination
changes. This section details our data collection process, annota-
tion methodology, and dataset characteristics.

3.1 Data Collection
The video data in OinkTrack were collected from a systematic com-
mercial pig farm, where each pen measures 3.10m × 4.85m and
houses between 32 and 40 pigs (mean ≈ 36). Each pen includes
a central feeder and side-mounted water dispensers, which fre-
quently cause significant occlusions. Recordings were made from
two pens using RGB cameras mounted at elevated corners above
the pens, angled downward at approximately −45◦ to provide a
comprehensive top-down view while minimizing occlusions. The
videos were recorded at a resolution of 1280×720 pixels and a frame
rate of 15 FPS. The cameras were also equipped with a removable
IR-cut filter (ICR) to support low-light capture during nighttime,
and audio was recorded in parallel to support future multimodal
behavior analysis and acoustic event detection.

To ensure robust evaluation across real-world variability, data
collection followed four core principles: (1) inclusion of ultra-long-
term sequences, (2) dense and consistent trajectory annotations, (3)
coverage of diverse motion and interaction patterns, and (4) capture
of full diurnal cycles. All recordings were conducted under standard
farming conditions, without introducing external stimuli or stress
to the animals. Specifically, continuous video was recorded over
a 60-day period (November to December 2024). To ensure track-
ing remains grounded in observable behavior rather than external

disruptions, we retained over 48 hours of footage with clear, unob-
structed views—excluding only segments with prolonged human
interference. From this filtered pool, 16 long-duration clips were
selected based on activity level, behavioral diversity, and visual clar-
ity. These clips range from 1 minute to 1 hour in length and capture
complex group behaviors such as resting, playing, feeding, and over-
lapping. The selected clips include 57 minutes of daytime footage,
97 minutes of nighttime footage, and 150 minutes of transition
periods (day-to-night and night-to-day), ensuring comprehensive
environmental coverage for robust model evaluation.

3.2 Annotation
Each visible pig in the OinkTrack dataset is annotated with a 2D
bounding box and a unique, persistent identity, following the ID
consistency protocol adopted in DanceTrack [39]. Annotations are
performed using the Supervisely1 platform, with its tools for bound-
ing box tracking and sequence navigation. For a focused and consis-
tent annotation scope, masks are applied to exclude regions outside
the primary pen in view (e.g., adjacent enclosures partially captured
by the camera). Examples of annotated frames are shown in Fig. 2.

A team of trained annotators, guided by a domain expert (i.e., a
PhD researcher), followed strict guidelines to maintain annotation
quality and identity consistency across long video sequences. One
of the challenges lies in preserving identity across occlusions and re-
entries. Annotators reviewed each clip both forward and backward,
using contextual cues such as position, velocity, orientation, and
neighboring interactions to re-identify individuals. A new ID is
assigned only when consensus cannot be reached after multi-pass
reviews. Each sequence underwent a two-stage quality control
process: a full review by the initial annotator team followed by a
secondary verification and correction by two senior annotators.

Nocturnal clips present additional difficulty due to low light-
ing. To address this, annotators adjusted video brightness, contrast,
and gamma levels to improve visibility during the labeling process.

1Annotation tool available at https://supervisely.com.

https://supervisely.com
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Figure 3: Visualization of re-ID features from sampled videos
in MOT17 and OinkTrack using t-SNE [43]. Different colors
are used to express different individual pigs. For better visu-
alization, we only select 200 frames in each video sequence.

Nearest-neighbor distance (pixels) Intersection over Union

Pr
ob

ab
ilit

y

Pr
ob

ab
ilit

y

(a) (b)

Figure 4: Spatial properties of OinkTrack compared to
MOT17 [32], MOT20 [15], and Pig_Behaviors [3]: (a) nearest-
neighbor distance, and (b) inter-object IoU.

Annotations were performed at 1 frame per second (FPS). While
sparser than in some short-term datasets, this sampling rate effec-
tively captures salient motion and identity continuity over long
periods, yielding high-quality, persistent trajectories.

3.3 Dataset Analysis
Dataset Statistics. Tab. 1 compares OinkTrack with representative
MOT datasets across domains such as pedestrian, animal, and gen-
eral object tracking. OinkTrack stands out with an average video
length of 19 minutes and a maximum of 60 minutes, with over 273K
frames and 573K annotated bounding boxes across 574 identity-
consistent trajectories. Unlike most existing datasets, OinkTrack
includes synchronized audio and diverse lighting conditions, with 5
daytime, 7 nighttime, and 4 transition sequences coveringmore than
300 minutes in total. Its dense group-housing setup, averaging 35.88
pigs per sequence, presents challenges in occlusion, identity preser-
vation, and visual similarity. These characteristics make OinkTrack
a rare and comprehensive benchmark for long-term, multimodal,
multi-animal tracking in real-world farm environments.

Visual Ambiguity and Re-identification Challenge. To illus-
trate the difficulty of distinguishing visually similar individuals in
OinkTrack, we compare Re-ID feature embeddings from our dataset
with those from the MOT17 pedestrian benchmark [32]. Separate
Re-ID models are trained on each dataset, and the resulting features
are visualized using t-SNE [43], as shown in Fig. 3. In MOT17, pedes-
trian identities form relatively distinct clusters, indicating effective
visual separation. In contrast, pigs in OinkTrack produce highly
overlapping feature embeddings, revealing significant visual ambi-
guity across individuals. This makes re-identification substantially
more difficult than in human-centric tracking scenarios. The chal-
lenge is further intensified by appearance changes across varying
lighting conditions, especially during day-to-night transitions.
Spatial Properties.We analyze OinkTrack’s crowding level and
compare it with MOT17 [32], MOT20 [15], and Pig_Behaviors [3]
using two metrics. First, we measure the distribution of minimum
distance from each object to its nearest neighbor, as depicted in
Fig. 4(a). The distances in OinkTrack are concentrated in the 0-200
pixel range, generally shorter than in MOT17 and Pig_Behaviors, in-
dicating closer proximity among pigs. While MOT20 exhibits even
shorter raw pixel distances, this characteristic is largely attributable
to its typically distant viewpoints and smaller object scales. Second,
we analyze the distribution of Intersection over Union (IoU) values
between all distinct pairs of objects within each frame (Fig. 4(b)).
In instances of overlap, OinkTrack’s IoU distribution is similar to
that of Pig_Behaviors. Compared to MOT17 and MOT20, where
objects are smaller and scenes are more crowded (often leading
to larger IoUs for overlapping objects), OinkTrack’s IoUs for over-
lapping pigs are somewhat smaller. Despite this difference in mag-
nitude, OinkTrack’s overall IoU distribution for overlapping pairs
remains broadly comparable. These analyses collectively demon-
strate OinkTrack’s higher spatial congestion and more frequent
inter-individual interactions, thereby increasing the likelihood of
ID switches and track fragmentation for MOT algorithms.
Temporal Properties. The ultra-long sequences in OinkTrack
mean that pigs frequently disappear and later reappear due to
prolonged occlusion; we term this phenomenon a “gap”. We analyze
the cumulative length of gaps per track in OinkTrack and compare
it with MOT17, MOT20, and Pig_Behaviors in Fig. 5(a). Notably,
the proportion of tracks with a gap in OinkTrack is higher than in
the other datasets, while the sharp increase for Pig_Behaviors is
attributable to frequent omissions in that dataset. Additionally, the
longest gap in OinkTrack exceeds 1,400 frames, underscoring the
challenge OinkTrack poses to long-term ID maintenance.

Furthermore, we investigate pig movement patterns. An analy-
sis of total accumulated movement versus the number of frames
tracked (Fig. 5(b)) reveals significant individual variation in activity.
A strong correlation exists between tracking duration and distance
traveled. Interestingly, total movement is generally greater in day-
time than in nighttime scenes, consistent with the diurnal nature of
pigs. To delve deeper, cumulative movement curves for individuals
in representative daytime and nighttime sequences are shown in
Fig. 5(c), respectively. These plots highlight substantial intra-scene
variability in activity levels, with some pigs being significantly
more active than others. The most active individuals during the
day cover roughly twice the distance of their most active nighttime
counterparts, and overall daytime movement is higher.



OinkTrack: An Ultra-Long-Term Dataset for Multi-Object Tracking and Re-Identification of Group-Housed Pigs MM ’25, October 27–31, 2025, Dublin, Ireland

(a) (b) (d)

Night Day

Day Night

(c)

Pr
ob

ab
ilit

y

Gap length (frames) Number of frames tracked Freq. Frame index

Sp
ee

d 
(p

ix
el

 / 
fra

m
es

)

Frame indexFrame indexC
um

ul
at

iv
e 

di
st

an
ce

 (p
ix

el
s)

C
um

ul
at

iv
e 

di
st

an
ce

 (p
ix

el
s)

Figure 5: Temporal properties of the OinkTrack dataset: (a) gap durations, (b) distance covered by individuals, (c) curves of
cumulative path lengths in a long sequence, and (d) mean group speed over time during a cross-day-and-night sequence.

Finally, we analyze the change in mean velocity for all individ-
uals in a cross-day-and-night sequence (Fig. 5(d)). A significant
increase in overall pig movement speed is observed as the scene
transitions to daytime. Such pronounced differences in day-night ac-
tivity, coupled with variations in visual appearance due to lighting
changes, substantially elevate the difficulty of continuous tracking.
In summary, our analysis of OinkTrack’s temporal characteristics
reveals the challenges posed by its extreme video lengths, including
the gap phenomenon, diverse individual activity levels, and the
complexities introduced by day-night transitions.

3.4 Dataset Split and Availability
OinkTrack is made publicly available to encourage research and
standardized benchmarking in LTMAT. We split the dataset into
training, validation, and test sets in a 7:2:7 ratio, corresponding to
total video lengths of 117 minutes, 45 minutes, and 142 minutes, re-
spectively. This partition was stratified by key attributes, including
illumination conditions (day, night, and transition) and pen identity
(Pen 1 vs. Pen 2), to ensure a balanced distribution of characteristics
across all three sets. The complete dataset, including frame images,
detailed annotations in DanceTrack format, and relevant metadata,
can be accessed and downloaded from our project website2. The
data are released under the Creative Commons CC BY-NC-SA 4.0
license, permitting free use for academic and research purposes.

4 Experiments
4.1 Evaluation Metrics
For a comprehensive evaluation of tracking performance on Oink-
Track, we adopt a suite of well-established metrics. Our primary
metric is the Higher Order Tracking Accuracy (HOTA) [27], which
effectively balances and assesses different aspects of tracking by
decomposing into Detection Accuracy (DetA) and Association Ac-
curacy (AssA). To specifically evaluate identity preservation, we
2OinkTrack project website: https://leohuang0511.github.io/oinktrack-page

utilize the IDF1 score [36]. Additionally, we report the widely-used
Multi-Object Tracking Accuracy (MOTA) and the number of Iden-
tity Switches (IDsw), both components of the CLEAR MOT met-
rics [5], to ensure broader comparability with existing literature.

4.2 Evaluated Trackers
To establish robust baselines and stimulate future research on Oink-
Track, we comprehensively evaluate 11 state-of-the-art MOT al-
gorithms. Our selection represents two categories: 1) tracking-by-
detection approaches, which include SORT [6], DeepSORT [46],
MOTDT [11], ByteTrack [51], OC-SORT [9], StrongSORT and its
enhanced variant StrongSORT++ [16], and Hybrid-SORT [48]; and
2) recent transformer-based methods, such as MOTR [49], MeM-
OTR [21], and MOTIP [20]. This diverse selection facilitates a thor-
ough assessment of how existing trackers handle the unique chal-
lenges of long-term tracking, crowded environments, and high
appearance similarity that OinkTrack presents.

4.3 Benchmark Results
Overall Performance. The experimental results on OinkTrack,
summarized in Tab. 2, reveal the profound challenges our dataset
poses to state-of-the-art MOT algorithms. Transformer-based meth-
ods consistently demonstrate superior performance. Notably,MOTIP
significantly outperforms all other evaluated trackers, as it achieves
the highest scores across HOTA (43.7), MOTA (74.8), DetA (63.3),
AssA (30.4), and IDF1 (47.8). This substantial performance gain
underscores the inherent advantage of such models in modeling
long-range spatio-temporal dependencies via attentionmechanisms.
In particular, the query-based method maintains a more persis-
tent “memory” of each individual, which facilitates robust tracking
throughout the challenging long sequences in our dataset. However,
while MOTIP excels in accuracy, its high number of ID switches
(7854) suggests its aggressive track management can compromise
identity stability. In a compelling counterpoint, MeMOTR not only
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Table 2: MOT algorithms benchmarking on OinkTrack.

Method HOTA↑ MOTA↑ DetA↑ AssA↑ IDF1↑ IDsw↓
SORT [6] 30.4 53.9 46.4 20.3 31.7 2752
DeepSORT [46] 29.4 53.0 46.5 19.1 29.8 3289
MOTDT [11] 25.7 51.5 46.1 14.8 25.6 8381
ByteTrack [51] 30.1 55.0 46.9 19.8 32.4 2326
MOTR [49] 34.5 64.3 56.0 21.4 33.5 2436
OC-SORT [9] 29.8 52.3 44.9 20.0 31.7 2224
StrongSORT [16] 28.2 52.0 45.3 18.1 29.0 3946
StrongSORT++ [16] 28.1 47.2 44.5 18.4 28.5 3305
MeMOTR [21] 42.0 73.6 61.6 28.9 44.6 1835
Hybrid-SORT [48] 30.8 53.3 47.4 20.3 31.6 2933
MOTIP [20] 43.7 74.8 63.3 30.4 47.8 7854
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ByteTrack [51]

MOTR [49]
MeMOTR [21]

Hybrid-SORT[48]
MOTIP [20]
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TA

SORT [6]
ByteTrack [51]
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Figure 6: Scene analysis of different (a) illumination condi-
tions and (b) video lengths.

rivals MOTIP in accuracy (42.0 HOTA) but also achieves the best
identity persistence with 1835 ID switches.

Among the tracking-by-detection methods, those with sophis-
ticated association logic exhibit specific strengths. For instance,
ByteTrack’s strategy of leveraging low-confidence detections yields
the highest MOTA (55.0) within this category, while OC-SORT’s
observation-centric motion model delivers the second-best iden-
tity stability with 2224 ID switches. In summary, our benchmarks
validate that OinkTrack effectively differentiates tracker capabili-
ties, confirming the dominance of transformer-based approaches
for LTMAT and revealing that high accuracy and state-of-the-art
identity stability are not mutually exclusive. This pinpoints a clear
direction for future work: optimizing the architectural trade-offs
within these powerful end-to-end frameworks.
SceneAnalysis.Our scene-specific analysis delves into tracker per-
formance (HOTA) under key challenging conditions within Oink-
Track: varying illumination and extended sequence durations. First,
we evaluate performance on daytime, nighttime, and day-night-
transition sequences from the test set in Fig. 6(a), revealing criti-
cal insights into the robustness of current MOT algorithms under
these varied illuminations. Performance consistently degrades as
conditions deviate from daytime scenarios. All methods exhibit a
noticeable decline in HOTA scores during nighttime, with a more
substantial drop in the particularly challenging cross-day-and-night

sequences. This underscores the significant impact of illumination
and associated appearance variability on tracking fidelity.

Second, we categorize the test set by sequence length into subsets
of ≤10 minutes, 30 minutes, and 60 minutes, showing the profound
challenge of maintaining tracking fidelity over extended periods. As
depicted in Fig. 6(b), all methods exhibit a significant degradation in
HOTA scores as video length increases, demonstrating the effects
of error accumulation and re-identification difficulty in extreme
long-term tracking. Notably, MeMOTR outperforms other methods
in the 60-minute sequence, while it still represents a 40.3% decrease
compared to its score on sequences ≤10 minutes. These findings
highlight that extreme long-term tracking remains a formidable
open problem, and OinkTrack effectively reveals the effectiveness
of these approaches under such demanding temporal scales.

5 Potential Application
Continuous individual monitoring over extended periods, as facili-
tated by OinkTrack, allows for the derivation of critical health and
welfare indicators from activity levels, feeding patterns, or social
engagement; these indicators potentially signal early illness or dis-
tress. Research leveraging OinkTrack extends beyond algorithmic
advancements to encompass the integration of these technologies
into comprehensive farm management solutions. This integration
includes the development of user interfaces that translate tracking
data into actionable insights for farmers and veterinarians. Further-
more, coupling these systems with cloud-based analytics enables
large-scale, continuous monitoring, which in turn offers unprece-
dented opportunities to enhance livestock health and elevate global
animal welfare standards. The dataset’s multimodal nature, which
includes audio recordings, further invites exploration into richer,
multi-sensory animal behavior understanding.

6 Conclusion and Future Work
OinkTrack is the first benchmark for Long-Term Multi-Animal
Tracking (LTMAT) in challenging agricultural environments, offer-
ing hour-long, identity-consistent annotated trajectories of group-
housed pigs from commercial farms. We introduce OinkTrack’s
characteristics: extreme appearance similarity, dense crowding, di-
verse pig motion, and extended-duration tracking. Furthermore,
we benchmarked 11 state-of-the-art MOT trackers, assessing their
capabilities under these demanding conditions. OinkTrack is a valu-
able new resource to drive MOT research, advancing algorithms
towards robust, long-term tracking in complex scenarios with direct
applications in automated farming, animal health, and welfare.
Limitations and Future Work. While OinkTrack provides robust
instance-level LTMAT data, future enrichment is possible. One lim-
itation is the lack of fine-grained behavioral labels (e.g., feeding,
sleeping, agonistic interactions), which would advance ethologi-
cal understanding and fuel automated health monitoring systems.
Future work could also explore richer group-level annotations, cap-
turing collective dynamics and social interactions via natural lan-
guage to foster multi-agent behavior analysis and a holistic welfare
view. Moreover, OinkTrack’s inherent challenges (extreme similar-
ity, prolonged occlusions, day-night visual shifts over long dura-
tions) demand novel MOT algorithms for robust re-identification,
long-range temporal reasoning, and adaptive appearance modeling.
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