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Figure 1. Example images of AnimalClue. We present AnimalClue, a dataset designed for identifying animal species based on their
traces. Our dataset includes footprints, feces, eggs, bones, and feathers, totaling 159,605 bounding boxes from 968 animal species. We also
annotate 22 traits such as habitat, diet, and activity pattern. We establish four benchmarks for evaluating models: classification, detection,
instance segmentation, and traits classification. AnimalClue has the potential to advance research in animal tracking, an area that remains
underexplored due to the limited availability of publicly accessible datasets.

Abstract

Wildlife observation plays an important role in biodiver-
sity conservation, necessitating robust methodologies for
monitoring wildlife populations and interspecies interac-
tions. Recent advances in computer vision have signifi-
cantly contributed to automating fundamental wildlife ob-
servation tasks, such as animal detection and species iden-
tification. However, accurately identifying species from in-
direct evidence like footprints and feces remains relatively
underexplored, despite its importance in contributing to
wildlife monitoring. To bridge this gap, we introduce An-
imalClue, the first large-scale dataset for species identifi-
cation from images of indirect evidence. Our dataset con-
sists of 159,605 bounding boxes encompassing five cate-
gories of indirect clues: footprints, feces, eggs, bones, and
feathers. It covers 968 species, 200 families, and 65 orders.
Each image is annotated with species-level labels, bound-
ing boxes or segmentation masks, and fine-grained trait in-
formation, including activity patterns and habitat prefer-
ences. Unlike existing datasets primarily focused on di-

rect visual features (e.g., animal appearances), AnimalClue
presents unique challenges for classification, detection, and
instance segmentation tasks due to the need for recogniz-
ing more detailed and subtle visual features. In our exper-
iments, we extensively evaluate representative vision mod-
els and identify key challenges in animal identification from
their traces. Our dataset and code are available at ht tps :
//dahlian00.github.io/AnimalCluePage/

1. Introduction

Conserving wildlife is essential for sustaining ecological
balance and maintaining healthy ecosystems. However, nu-
merous human activities, such as habitat destruction, chem-
ical pollution, and the depletion of food resources, pose se-
vere threats to wildlife species. To mitigate these impacts,
computer vision technologies are increasingly expected to
play a significant role by automating comprehensive and
continuous observation of wildlife populations. For exam-
ple, animal detection models implemented with unobtrusive
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cameras can remotely monitor animals without disturbing
their natural behaviors. This enables researchers to detect
changes in behavioral patterns.

Nevertheless, identifying a wide range of animal species
remains challenging, as most models overlook nocturnal an-
imals or exhibit camouflage behaviors. Wildlife monitor-
ing can leverage indirect biological evidence, such as foot-
prints, bone fragments, and feathers to address this chal-
lenge. This approach is widely employed in ecological sur-
veys; however, its scalability is limited due to heavy re-
liance on manual human inspection. Consequently, com-
puter vision models capable of accurately identifying ani-
mal species from such indirect evidence are in high demand,
as they could significantly expand the scale and effective-
ness of wildlife monitoring efforts.

Comprehensive datasets have contributed to the progress
of animal identification using computer vision [9, 15, 24,
35, 36, 40, 42, 46, 48]. However, the majority of com-
puter vision datasets for animal studies have focused on
direct visual observation tasks such as animal identifica-
tions [4, 23, 28], activity recognition [9, 11], image-text
alignment [12, 47], and pose estimation [8, 51-53]. Sev-
eral datasets involve indirect animal clues, but their focus is
primarily limited to classification tasks with a small number
of species [10, 10, 30, 33]. Given that classification, detec-
tion, and segmentation are established foundational tasks
in the field of computer vision, developing a new indirect-
evidence dataset that incorporates these tasks across a di-
verse range of species has significant potential to advance
research.

Motivated by this, we introduce AnimalClue, a dataset
that includes five major types of animal traces: footprints,
feces, eggs, bones, and feathers, with sophisticated bound-
ing boxes and segmentation masks. It encompasses 968
species with a total of 159,605 bounding boxes and 141,314
annotation masks. Furthermore, we annotate 22 species-
specific traits, including habitat, activity pattern, and diet,
to facilitate the research for animal tracking. Analyzing an-
imal traits depending on their animal traces has not been
previously explored.

We establish four benchmarks: classification, detection,
instance segmentation, and habitat prediction for animal
traces. Our findings indicate that models trained on our
dataset develop the ability to recognize animal traces, which
differ significantly from the visual features of the animals
themselves. However, our dataset remains challenging: (a)
Learning rare species is challenging, making generalization
to rare species difficult. (b) Detection and instance seg-
mentation tasks are particularly challenging, with models
struggling to achieve high mAP. The highest mAP for order
detection is 0.57, and the best order instance segmentation
mAP is 0.48. We will make the dataset publicly available
for research purposes.

2. Related Work

Animal species identification. Automating the identifi-
cation of animal species is important for effective wildlife
monitoring. Species labels can be obtained from vari-
ous sources, including images [15, 24, 36, 42, 46, 48],
videos [9, 35, 40], 3D models [50], and pose annota-
tions [7, 53]. These datasets and benchmarks contribute
to developing models and applying computer vision tech-
niques in the animal domain. While direct animal identi-
fication has been well-explored, there remains room to in-
vestigate methods that identify animals indirectly, such as
through animal traces left behind. In the rest of this section,
we discuss related work on the identification of these traces.

Footprint identification. Recognizing animals from their
footprints has been the subject of previous research, as
humans also leave traces of their footprints, which often
need to be identified [6, 22]. Similarly, identifying animal
footprints is crucial for wildlife monitoring and conserva-
tion efforts. Previous works attempt individual identifica-
tion [3, 18], species identification [3], and sex identifica-
tion [26]. While previous research has explored the utility
of footprints as animal clues, the associated images are not
openly available. Recently, OpenAnimalTracks [41] was in-
troduced as a classification and detection dataset for animal
footprints. However, our AnimalClue differs from OpenAn-
imalTracks in several key aspects: (i) species distribution:
AnimalClue includes 117 species compared to OpenAni-
malTracks’ 18 species; (ii) AnimalClue contains approxi-
mately five times more footprint bounding boxes, and addi-
tionally includes segmentation masks; and (iii) our dataset
exclusively contains images licensed under Creative Com-
mons.

Feces identification. Feces are a key indicator of health.
In the medical field, several studies have explored auto-
mated feces analysis for human health [13, 16, 56], focus-
ing primarily on feces detection and health classification.
Recently, there has been research on automating the classi-
fication of chicken feces to assess health abnormalities into
six categories [34]. For dogs, the DFML dataset [30] com-
prises 1,623 photos of dog feces, yet the recognition of fe-
ces across multiple species remains relatively unexplored.
Considering the limited research efforts applying computer
vision to animal feces compared to the human domain, Ani-
malClue presents a challenging dataset with the potential to
advance animal feces recognition through computer vision.

Egg identification. Few previous studies have explored
bird egg detection [19, 45, 49], and those that do typi-
cally focus on a single species due to their primary inter-
est in agriculture rather than species identification for ani-
mal tracking. Moreover, these studies use data that are not
publicly available. As for openly available datasets, the Au-
tomated Egg Classification dataset [10] includes 3k images
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Dataset Track Type #Species #Bbox Task #Traits
OpenAnimalTracks [41] Footprint 18 3,579 CLS, DET 0
DFML [30] Feces 1 1,623 CLS 1
Automated Egg Classification [10] Egg 2 2,943 CLS 0
Skull2Animal dataset [33] Bone 4 4,962 CLS 0
FeathersV1 [5] Feather 595 28,272 CLS 0
AnimalClue (Ours) All 5 Types 968 159,605 CLS, DET, SEG 22

Table 1. Comparison with previous animal tracking datasets. CLS, DET, and SEG indicate classification, detection, and instance
segmentation, respectively. Our AnimalClue contains diverse species and a larger number of bounding boxes.

of chicken and duck eggs. However, species identification
from eggs remains largely unexplored, and our dataset aims
to address this gap.

Bone identification. Bone recognition has gained signif-
icant attention in the medical field, particularly for human
bones, with several datasets contributing to this area [2, 29,
38]. For animals, the Skull2Animal dataset [33] includes
skull images of four species (e.g., dogs, cats, leopards, and
foxes), comprising Sk images. This dataset contributes to
the prediction of skull images for animal species identifica-
tion. For the purpose of animal identification, there are not
enough publicly available datasets.

Feather identification. Feathers are key traces of birds,
with their appearance varying depending on the bird species
and the part of the body. During molting seasons, feathers
can be found in abundance. FeathersV1 [5] is a dataset de-
signed for fine-grained bird feather categorization, offering
high-quality images to facilitate detailed classification. Our
dataset differs from FeathersV1 in two significant ways: (i)
most of our data is captured in the wild, not in controlled
environments, making it more suitable and challenging for
animal tracking, and (ii) we provide both bounding box and
fine-grained pixel-level annotations.

3. AnimalClue

In this section, we introduce AnimalClue, for the purpose
of wildlife conservation from multiple animal traces. Dur-
ing dataset collection, we carefully sourced images from the
Internet under the Creative Commons license. For annota-
tions, labels were verified by multiple citizen scientists, and
we assigned precise bounding boxes and segmentation la-
bels.

3.1. Trace Types and Animal Species

In tracing the types of animal species, we have collected
five clues from animals: footprints, feces, bones, eggs,
and feathers. These types of animal clues are also com-
monly used to recognize animal species in wildlife conser-
vation. Figure 2 illustrates examples of the correspondence
between animal traces and their respective species. For a

complete species list, please refer to the supplementary ma-
terial.

3.2. Data Collection

We have collected images from iNaturalist [17], a web plat-
form for citizen scientists focusing on wildlife. We chose
iNaturalist for two key reasons: 1) Quality: The iNaturalist
community comprises citizen scientists who ensure higher-
quality data than random social media platforms. Images
are reviewed by the iNaturalist community, ensuring reli-
able labels. We chose research-grade images, confirmed
by other citizen scientists for the image and animal species
pair. ii) Licensing: Users can select their images’ licenses.

We have selected several iNaturalist projects that focus
on uploading images of animal traces. From these, we
downloaded the images under the Creative Commons li-
censes, along with their corresponding animal species la-
bels. We have removed any ambiguous or unclear images
from AnimalClue to improve data quality. Additionally,
we exclude images containing human faces to protect pri-
vacy. Please refer to the supplementary material for ex-
amples of removed images. Importantly, we collect only
research-grade images, where labels are verified by multi-
ple researchers to ensure the quality of AnimalClue.

3.3. Data Annotation

Annotation type. Once we obtain the animal trace images
and corresponding species labels, we proceed with bound-
ing boxes and segmentation masks for object detection and
instance segmentation tasks. Figure 2 illustrates the exam-
ple images and their annotations on AnimalClue. Differ-
ent annotation types are applied flexibly depending on the
type of animal trace. For animal footprints, we annotate
each footprint with a bounding box. In contrast, we use
segmentation masks for feces and feathers to capture more
detailed features. We limit footprint annotations to bound-
ing boxes because footprints are traces rather than physical
objects, and they are often ambiguous in some parts. In
contrast, feces, bones, eggs, and feathers can be annotated
with fine-grained, pixel-level segmentation masks. Defin-
ing clear bounding box groups for feces can be challenging,
and in this sense, instance segmentation is helpful in deter-
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Figure 2. Example images and annotations on AnimalClue. The figures illustrate the five different animal clues, (a) footprints, (b) feces,
(c) eggs, (d) bones, and (e) feathers, which are observed indirectly. There exist segmentation labels and bounding boxes for all clues except

for footprints.

mining boundaries.
Annotation process. For half of the footprint annotations,
we use a third-party annotation service to assign bounding
boxes, and authors cross-check all bounding boxes to ensure
they are precise enough for model training. For the remain-
ing footprint, feces, egg, bone, and feather annotations, the
authors conducted the annotations.

For footprints, feces, and bones, we manually annotate
from scratch. For eggs and feathers, we use the Segment
Anything Model as an initial annotation, which is then re-
viewed by the authors. If an annotated mask is incorrect,
we manually correct it.

Fine-grained trait annotations. @ We annotated each

species with multiple ecological and behavioral attributes to

facilitate a comprehensive analysis of species traits. Specif-
ically, we assigned the following attributes:

* Taxonomic Classification (Categorical): Each species
was labeled with its Order and Family.

» Diet Type (Categorical): Species were classified as her-
bivorous, carnivorous, omnivorous, or other specialized
feeding types.

* Activity Pattern (Categorical): Species were labeled as
diurnal, nocturnal, crepuscular, or cathemeral based on
their primary active periods.

e Locomotion and Habitat Usage (True / False): We as-
signed Arboreal, Aquatic, Terrestrial, Fossorial, and
Aerial to indicate primary movement and habitat types.

Locomotion was further categorized into Quadrupedal or
Bipedal.

* Habitat Preferences (True / False): Each species was
marked for its presence in Forest, Grassland, Desert, Wet-
land, Mountain, or Urban environments.

* Climatic Distribution (True / False): Species were catego-
rized based on their occurrence in Tropical, Subtropical,
Temperate, Boreal, or Polar regions.

» Social and Predatory Behavior (True / False): Herding in-
dicates if the species lives in groups, while Predator spec-
ifies if it primarily hunts other animals.

* Migratory Behavior (True / False): Species were marked
as Migratory if they undergo seasonal long-distance
movements.

Dataset split. To ensure dataset quality, we do not sepa-

rate images from the same iNaturalist entry into different

dataset splits. Since a single entry can contain multiple im-

ages of the same subject, often taken from different angles,

splitting them across training, validation, and test sets could
lead to data leakage. Therefore, all images within the same
submission are assigned to the same split. We divide the

dataset into training, validation, and test sets using a 7:1:2

ratio.

Frequency categorization. To gain additional insights dur-

ing the evaluation of models trained on AnimalClue, we cat-

egorized the dataset based on the training splits into three
groups: frequent, intermediate, and rare categories. The
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Figure 3. Species distribution in our AnimalClue. We illustrate the top 100 most frequent species, with the vertical axis representing log

frequency.

taxonomy-based split was applied separately to footprints,
feces, bones, eggs, and feathers. The top 20% of categories
were classified as frequent, the next 60% as intermediate,
and the bottom 20% as rare.

3.4. Statistics of AnimalClue

AnimalClue consists of 968 species, 200 families, and 65

orders. The dataset includes a total of 159,605 bounding

boxes across five trace types:

* Footprints: 18,291 bounding boxes from 7,581 images,
covering 117 species, 46 families, and 20 orders

* Feces: 18,932 bounding boxes from 6,433 images, cover-
ing 101 species, 46 families, and 21 orders

* Bones: 16,553 bounding boxes from 12,908 images, cov-
ering 269 species, 112 families, and 45 orders

* Eggs: 29,434 bounding boxes from 9,394 images, cover-
ing 283 species, 67 families, and 20 orders

» Feathers: 76,395 bounding boxes from 60,491 images,
covering 555 species, 89 families, and 30 orders

The total number of bounding boxes matches that of the

classification dataset, while the number of images aligns

with the detection and segmentation datasets. Addition-

ally, we provide detailed trait annotations, including activity

patterns, habitat types, climatic conditions, and behavioral

characteristics, to facilitate animal tracking from multiple

perspectives. The species distribution across these trace

sources is illustrated in Figure 3. We present the distribution

of the top 100 species.

4. Experiments

We conduct experiments to validate and establish bench-
marks on the proposed AnimalClue. Here, we show the
image classification, detection, instance segmentation, and
traits classification results.

4.1. Image Classification

Settings. As mentioned in Section 3.3, we cropped all an-
imal traces using their assigned bounding boxes to mini-
mize background effects as much as possible.

Baselines. We adopt five baseline models: VGGNet-16
(VGG-16) [31], ResNet-50 [14], EfficientNet-B1 (EFNet-
B1) [44], Vision Transformer-Base (ViT-B) [25], and
SwinTransformer-Base (Swin-B) [32]. To allow conver-
gence, we train the listed recognition models for 100 epochs
on footprints, feces, bones, and eggs, and 50 epochs on
feathers.

The implementation details are listed in the supplemen-
tary materials.
Metrics. We report the top-1 accuracy that measures the

percentage of times the model’s highest-probability predic-
tion matches the correct label.

Results. We show the top-1 accuracy (%) for different
taxonomies and models in Table 2. The results indicate
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Model Species Family Order

Footprint Feces Egg Bone Feather | Footprint Feces Egg Bone Feather | Footprint Feces Egg Bone Feather
All Categories
VGG-16 [31] 28.8 29.6 452 147 56.7 45.6 46.6 61.1 31.0 66.1 62.1 65.1 81.2 542 787
ResNet-50 [14] 23.7 294 41.1 183 59.7 41.7 48.6 59.9 33.6 70.1 58.9 64.8 80.8 53.0 81.8
EFNet-B1 [44] 259 305 41.0 150 559 42.2 484 563 293 644 56.5 61.3 745 454 71.1
ViT-B [25] 29.2 322 467 150 559 47.0 51.8 63.7 28.8 699 61.8 69.3 83.1 509 812
Swin-B [32] 32.3 38.6 494 205 653 49.3 56.8 65.1 37.6 724 66.1 704 840 56.6 777
Frequent Categories
ResNet-50 [14] 24.8 30.6 494 26.7 685 44.0 51.7 655 428 742 62.9 70.6 839 62.7 804
Swin-B [32] 33.7 40.3 58.5 25.6 653 524 60.6 70.0 47.8 724 69.2 75.1 86.2 644 80.8
Rare Categories
ResNet50 [14] 7.4 25.0 12.1 1.00 2.16 27.0 258 224 106 169 333 28.6 63.0 154 26.1
SwinB [32] 14.2 28.1 14.1 491 252 40.4 2277 263 154 221 44.4 31.0 66.7 11.5 304

Table 2. Classification accuracy for all, frequent, and rare categories of animal species. Throughout the species, family, and order
categorization, Swin-B model tends to have higher accuracies on AnimalClue.

CLIP

Feces
Feces

BioCLIP

Fine-tuned CLIP

Figure 4. Visualization of t-SNE. By using a labeled dataset specialized for observing indirect animal clues, the separability among
categories has been improved. When visualized in the feature space, the categories are better distinguished.

that Swin-B [32] tends to achieve the highest top-1 accuracy
among the baseline models. Among the trace types, feathers
exhibit the highest accuracy across all taxonomies, despite
having the highest number of species. Following feathers,
eggs achieve the second-highest accuracy, which also corre-
sponds to the second-largest number of species. As shown
in Figure 2, both feathers and eggs often feature distinc-
tive colors and patterns, which may contribute to improved
identification accuracy. In contrast, bones exhibit lower ac-
curacy. According to Figure 2, bone appearance varies by
body part, making it difficult to achieve high accuracy. Ad-
ditionally, we present the results for both frequent and rare
categories of animal species, as described in Sec. 3.3. Swin-
B also achieves higher scores on AnimalClue.

4.2. Feature Space Analysis

Baselines. We evaluate CLIP-based models and analyze
their feature extraction ability by visualizing t-SNE. The
models used in our evaluation include: a) ViT-B-32, the
standard CLIP model [37] pretrained by OpenAl. b) Bio-
CLIP [43], a domain-specific CLIP model designed for bi-

ological image understanding. c¢) Fine-tuned CLIP, a CLIP
model trained on AnimalClue using contrastive loss to im-
prove performance on our specific dataset.

Metrics. For t-SNE visualization, we use a perplexity
value of 30 and run 1000 iterations to ensure stable clus-
tering.

Results. Figure 4 shows that our fine-tuned CLIP model
achieves the best feature separation across categories. Bio-
CLIP demonstrates better differentiation compared to the
standard CLIP model, particularly in distinguishing be-
tween feathers and eggs. However, species-level feature
separation remains challenging, especially for footprints
and eggs. This indicates that for animal trace identification,
models need to be trained specifically on trace data, even
if they have been pre-trained on a large dataset of animal
images.

4.3. Object Detection

Baselines. We adopt five baseline models: YOLOvS [21],
YOLOvI1 [20], Faster-RCNN [39], DINO [54], RT-
DETR [55]. We train the models for 100 epochs for
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Model Species

Family Order

Footprint Feces Egg Bone Feather | Footprint Feces Egg Bone Feather‘Footprint Feces Egg Bone Feather

All Categories

YOLOvS [21] 0.10  0.11 0.13 0.08 0.25 0.17 0.16 033 0.14 0.19 022 020 0.50 0.16 043
YOLOvVI1 [20] 0.10  0.12 0.14 0.07 025 0.17 0.16 036 0.13 0.35 024 021 047 0.16 043
Faster-RCNN [39] 0.04 0.06 0.12 0.07 0.08 0.07 0.09 0.17 0.0 0.12 0.08 0.13 026 0.10 0.22
DINO [54] 0.08 0.12 020 0.07 0.15 0.12 0.17 032 0.17 0.23 0.14 022 052 022 0.34
RT-DETR [55] 0.10  0.17 0.04 0.01 0.17 0.21 025 042 0.17 040 0.31 028 0.57 021 0.50
Frequent Categories

YOLOv11 [20] 0.17 0.18 038 0.11 0.56 0.29 0.26 0.63 029 0.70 0.33 0.40 0.73 044 0.81
RT-DETR [55] 0.19 020 021 0.06 0.53 0.33 031 0.62 039 0.76 0.35 046 0.73 048 0.84
Rare Categories

YOLOv11 [20] 0.04  0.05 0.04 0.003 0.14 0.07 0.08 0.07 0.05 0.05 0.10  0.02 0.26 0.007 0.005
RT-DETR [55] 0.006 0.09 0.00 0.00 0.00 0.11 0.21 0.08 0.00 0.00 0.34  0.10 0.38 0.10 0.00

Table 3. Detection results on footprints, feces, eggs, bones, and feathers datasets (mAP @50-95).
[Common Raccoon: 0.94 . -
vy
White-tailed Deer 0.59|

Northern Cardinal: 0.88
Northern Cardinal: 0.8’

Southern Lapwing: 0.40
Masked Lapwing:|
0

Northern Cardinal: 0.84
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Wild Turkey: 0.77
. Southern Lapwing: 0.43 _
- Moose: 0.30

Gray Fox: 0.38
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Figure 5. Visualization of YOLOv11 detection results. The
green bounding box denotes the correct detection, and the red
bounding box denotes the wrong detection.

YOLOVS and YOLOV11, and 50 epochs for DINO, Faster-
RCNN, and RT-DETR. The implementation details are
found in the supplementary materials.

Metrics. We report the mean average precision (mAP) over
classes. mAP is computed by the mean of AP on different
thresholds of intersection of interest (IoU), i.e., 0.5, 0.55,
0.60, ..., 0.95.

Result. We present the bounding box mAP in Table 3.
Overall, RT-DETR achieves the best results across all cat-
egories. However, when examining rare categories, RT-
DETR fails to detect them effectively, while its detection
performance remains strong for frequent categories. The
low mAP for rare categories contributes to the overall lower
score across all categories. Among the animal trace types,
feathers achieved the best results in both major categories
and overall. However, detecting minor categories remains
challenging. This may be attributed to the wide category
range of feathers. In Figure 5, we show the visualization
of object detection on AnimalClue using YOLOv11. The

Masked
Red-winged blackbird: 1.00]
0.49

Red-

winged
blackbird:
1.00

[Coyote: 0.50
Domestic Cat: 0.38

Northern
Lapwing:
0.90 Red-winged blackbird: 1.00

hite-tailed Deer : 0.31]

Powerful Owl: 0.95

Wid Turkey:0.90

Ring-necled Pheasant: 0.85

Ring-necled Pheasant: 0.85

Wild Turkey: 0.92]

Figure 6. Visualization of YOLOv11 instance segmentation re-
sults. The green mask denotes the correct mask, and the red mask
denotes the wrong mask.

model correctly recognizes traces, including small ones,
which are accurately identified at the species level. How-
ever, for faint footprints or traces in less visible areas, while
they are recognized as traces, species misidentification is
more common. Since our dataset focuses on images in the
wild, it presents a challenging benchmark.

4.4. Instance Segmentation

Baselines. We adopt four baseline models: YOLOvS [21],
YOLOvI11 [20], Mask-RCNN [1], and MaskDINO [27].
For training, YOLOv8 and YOLOv11 run for 100 epochs,
whereas Mask R-CNN and Mask DINO are trained for 50
epochs. For implementation details, please refer to the sup-
plementary materials.

Metrics. We report the mean average precision (mAP) for
segmentation across classes. mAP is calculated as the mean
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Model Species Family Order
Feces Egg Bone Feather | Feces Egg Bone Feather | Feces Egg Bone Feather
All Categories
YOLOVS [21] 0.11  0.11 0.07 0.24 0.14 029 0.13 0.33 020 044 0.15 0.41
YOLOv11 [20] 0.11  0.12 0.06 0.24 0.15 032 0.13 0.34 020 045 0.15 0.41
Mask-RCNN [1] 0.08 0.16 0.05 0.08 0.10 022 0.08 0.17 0.13 035 0.10 0.24
MaskDINO [27] 0.13 025 0.07 0.18 0.18 032 0.11 0.27 0.23 048 0.16 0.37
Frequent Categories
YOLOVS [21] 0.14 029 0.11 0.48 022 054 029 0.66 034 065 043 0.79
YOLOvI11 [20] 0.16 033 0.10 0.49 024 057 0.28 0.68 0.37 0.64 045 0.80
Rare Categories
YOLOVS [21] 0.07 0.02 0.006 0.12 0.04 0.03 0.06 0.06 0.03 026 0.05 0.02
YOLOv11 [20] 0.06 0.03 0.005 0.11 0.07 0.06 0.08 0.05 0.06 027 0.05 0.002
Table 4. Segmentation results on fecess, eggs, bones, and feathers datasets (Mask mAP @50-95).
Diet Type  Activity Pattern ~ Aquatic Urban Tropical Polar Herding Predator
Footprint 57.3/47.0 69.9/65.8 84.4/70.2 952/60.0 91.3/635 622/61.8 842/733 80.7/94.3
Feces 76.0/64.7 72.9/72.1 93.1/75.1 98.6/59.3 82.7/70.0 69.1/456 74.7/53.4 88.4/85.7
Egg 68.7/48.2 95.4/73.0 88.4/83.4 76.8/752 90.6/69.7 93.8/754 825/815 969/73.4
Bone 64.8/59.0 60.6/60.7 81.5/733 752/614 726/649 87.5/62.77 739/73.1 769/72.1
Feather 81.3/80.0 89.7/63.7 92.1/81.6 83.0/81.5 91.5/69.2 947/619 86.3/81.7 91.8/90.7

Table 5. Traits classification results on footprints, feces, eggs, bones, and feathers datasets (Acc/F1 score).

of AP at different intersection over union (IoU) thresholds,
i.e.,0.5,0.55,0.60, ..., 0.95.

Result. YOLOvV8, YOLOv11 and MaskDINO achieve
competitive results across three different taxonomic levels:
species, family, and order. Overall, the trend is similar to the
results from object detection as shown in Table 4. Among
animal traces, feathers tend to show high mAP despite hav-
ing the highest number of species. This might be attributed
to their distinct color appearance. Note that ‘footprint” does
not contain labels for instance segmentation. Therefore,
we exclude it from this table. In Figure 6, we show the
visual results of instance segmentation on AnimalClue us-
ing YOLOv11. The model tends to mislabel visually sim-
ilar species (e.g., Masked Lapwing and Northern Lapwing,
Gray Wolf and Coyote).

4.5. Traits Classification

Next, we conduct experiments on trait attribute classifica-
tion using animal traces. Among the 22 traits, we present
classification results for Diet Type (six categories) and Ac-
tivity Pattern (three categories), as well as Aquatic, Urban,
Tropical, Polar, Herding, and Predator, which are binary
(True/False) classifications.

Baselines. Here, we chose Swin Transformer [32] for the
baseline model, which achieved the best results in classifi-
cation tasks.

Metrics. We report top-1 accuracy as a measure of overall
classification performance and F1 score.

Results. As shown in the Table 5, feathers achieved the best
results. For feces, the aquatic and predator traits showed
high accuracy. This may be attributed to differences in fe-
ces characteristics between aquatic and terrestrial animals
and the fact that higher hierarchical animals, such as preda-
tors, tend to have larger feces. Inferring an animal’s traits
from its traces may depend on the type of trace, with certain
traces being more suitable for identifying specific traits.

5. Conclusion

We introduced AnimalClue, a dataset for identifying ani-
mal species based on their traces, including footprints, fe-
ces, eggs, bones, and feathers. Our comprehensive annota-
tions for classification, detection, and pixel-level segmenta-
tion, along with 22 traits and taxonomy annotations, bridge
the gap between animal tracking and computer vision. Our
experiments show that there is still room for improvement,
especially in rare category detection and segmentation. As
animal tracking plays a crucial role in understanding ani-
mal movements in a given region and is a non-invasive ap-
proach, we hope our dataset contributes to advancing re-
search in animal tracking and wildlife conservation.
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