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Abstract

We study image segmentation in the biological domain, par-
ticularly trait and part segmentation from specimen images
(e.g., butterfly wing stripes or beetle body parts). This
is a crucial, fine-grained task that aids in understanding
the biology of organisms. The conventional approach in-
volves hand-labeling masks, often for hundreds of images
per species, and training a segmentation model to general-
ize these labels to other images, which can be exceedingly
laborious. We present a label-efficient method named Static
Segmentation by Tracking (SST). SST is built upon the
insight: while specimens of the same species have inher-
ent variations, the traits and parts we aim to segment show
up consistently. This motivates us to concatenate speci-
men images into a “pseudo-video” and reframe trait and
part segmentation as a tracking problem. Concretely, SST
generates masks for unlabeled images by propagating anno-
tated or predicted masks from the “pseudo-preceding” im-
ages. Powered by Segment Anything Model 2 (SAM 2) ini-
tially developed for video segmentation, we show that SST
can achieve high-quality trait and part segmentation with
merely one labeled image per species—a breakthrough for
analyzing specimen images. We further develop a cycle-
consistent loss to fine-tune the model, again using one la-
beled image. Additionally, we highlight the broader poten-
tial of SST, including one-shot instance segmentation on
images taken in the wild and trait-based image retrieval.

1. Introduction

Understanding sources and patterns of intra-specific vari-
ation in traits (e.g., morphological characteristics, such as
fin length for a fish, wing size for a beetle) is a central
goal of evolutionary and ecological study [11, 18]. Intra-
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Figure 1. Static Segmentation by Tracking (SST) achieves high-
quality trait segmentation (on Heliconius erato lativitta) with one
labeled example, compared to other one/many-shot baselines.

specific trait variation provides a currency for assessing the
roles of abiotic and biotic processes on community assem-
bly, as it reflects the mechanisms driving species occur-
rence and responses to change [82]. Museum specimens
present an untapped resource for curating information on
intra-specific trait variation of species morphology. Up un-
til now, it has been difficult to harvest trait information from
museum specimens due to the sheer amount of manual labor
needed to make such measurements. Automatic segmenta-
tion of morphological traits from specimen images has the
potential to scale up the measurement of traits and free up
researchers to focus on analysis and interpretation. This pa-
per originated from an interdisciplinary collaboration be-
tween biologists and computer scientists aimed at segment-
ing images of organismal specimens to measure variation in
traits to fill this much-needed knowledge gap.
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Figure 2. Illustration of the Trait Segmentation Problem From Specimen Images. (a) Specimen samples of Heliconius erato lativitta,
and one example of segmentation masks. (b) The histogram of samples per sub-species in the Cambridge Butterfly Collection [36], with
exemplar images. (c) These sub-species belong to a specific genus named Heliconius, which is under the suborder Rhopalocera that covers
all the > 10, 000 butterfly species worldwide. (d) Trait segmentation is important for other animals such as beetles and fishes.
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Figure 3. Illustration of Our Approach Static Segmentation by Tracking (SST). (a) Different specimens of the same species. (b) We
concatenate these static, non-sequential images into a pseudo-video. (c) The annotated masks of the first image are treated as the prompt
to a tracking algorithm such as SAM 2 [70]. (d) SST can generate high-quality trait segmentation in a one-shot fashion.

Training a segmentation model [12, 21, 37, 41, 52] is ar-
guably the most straightforward approach to this problem.
However, it requires humans to annotate traits on tens, if
not hundreds, of images per species to ensure the model
can generalize well to other images. This process is itself
laborious, let alone there are millions of species on Earth
and many of them do not have sufficient samples for label-
ing (see Fig. 2). Several recent segmentation algorithms fo-
cused on a few-shot setting, aiming to tailor the model to the
concept of interest with a handful of labels [25, 81, 86, 87].
Nevertheless, most of them were designed for a single new
concept at once (e.g., the whole beetle instance) rather than
multiple concepts jointly (e.g., beetle head, antennae, and
elytra case). Even for a single trait, they usually fail to cap-
ture the fine shape, performing much worse than models
trained with many samples (see Sec. 4). We thus ask,

How can we perform fine-grained segmentation on
specimen images without a large amount of labeled data?

We begin with a deeper look at specimen images, especially
those of the same species. We have several key observa-
tions (see Fig. 2). From a macro view that sees a specimen
as a “whole,” since specimens are made from biological in-
stances with inherent variations, they are doomed to look

differently even from the same species; some even have
damaged parts. However, from a micro view that sees a
specimen as a “composition” of traits and parts—the com-
ponents we aim to segment—specimens of the same species
look quite similar in terms of their trait and part layouts.
Unless damaged, these traits and parts consistently show
up and have controlled spatial relationships with each other.
Importantly, each has distinct characteristics, such as colors,
shapes, patterns, and relative positions, offering rich cues to
identify and locate it across specimens of the same species.

Taking these insights, we propose to reframe trait and
part segmentation of specimen images as a tracking prob-
lem. Tracking is the task of taking an initial set of instances,
creating a unique ID for each of them, and then tracking
them as they move around frames in a video [43, 92]. In
our context, the instances are distinct traits and parts, each
marked by a mask and a unique label. While we do not have
a video but a set of static specimen images, the variations of
each trait or part across images—such as mild differences
in sizes, locations, orientations, shapes, and colors—are
frequently seen across video frames as a result of camera
poses, motion, deformation, and lighting conditions. One
may even view damaged parts as occlusions. This motivates



us to concatenate static, non-sequential specimen images
into a “pseudo-video” and apply a tracking algorithm to lo-
cate and segment individual traits and parts across frames,
given only the annotated masks of the first frame (Fig. 3).

We name our approach Static Segmentation by Track-
ing (SST), which lifts an image segmentation problem into
a video tracking problem, using the characteristic of the lat-
ter to approach the former in a frustratingly label-efficient,
one-shot way! In essence, what the model is tasked to do is
to locate each annotated mask (of the first frame) in the suc-
ceeding frames, and then propagate and deform the mask
from the first frame to the succeeding frames.

We implement SST using the recently released Segment
Anything Model 2 (SAM 2) [70], which was developed for
video segmentation. Given the annotated masks of the first
frame as the prompt, SAM 2 is capable of segmenting them
over frames. We evaluate SST on three specimen image
datasets, Cambridge Butterfly [36], NEON Beetle [22], and
Fish-Vista [50]. SST demonstrates significantly better per-
formance than the other one-shot baselines such as Seg-
GPT [87] in trait and part segmentation. Surprisingly, in
several scenarios, SST even surpasses segmentation models
trained with ample labeled data, such as Mask2Former [15]
and YOLOVS [33] (see Fig. 1). We attribute this to the fact
that SST does not treat labeled and unlabeled images as
1ID samples—an assumption underlying most of the image
segmentation algorithms—but explicitly leverages their de-
pendency to facilitate segmentation. We humbly see this as
a breakthrough for analyzing specimen images.

When does SST fail? Seeing SST’s remarkable one-shot
segmentation performance of traits and parts, we conduct
a pressure test, aiming to understand under what circum-
stances SST may fail. We add scaling, translations, and ro-
tations to the original specimen images. We find that SST is
quite robust to these variations if within a mild degree, but
could degrade drastically under huge variations. We argue
that if the specimens were carefully made and the images
were taken in a canonical camera pose, then SST should be
easily plugged and played to analyze specimen images.

Can we further improve SST? SST is built upon a pre-
trained video segmentation model. We surmise that one
reason for the degradation is the lack of huge variations in
the pre-training video data, essentially out-of-distribution.
While one may overcome this by fine-tuning the model with
artificially augmented variations, it is hard to anticipate all
the variations that may appear in reality. We thus ask,

How can we adapt the model
once we receive the unlabeled, test image?

Our answer is an Opening-Closing Cycle-Consistent Loss
(OC-CCL). Given a set of test images {x1, - -, N}
for segmentation, we append the one-shot labeled image
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Figure 4. Applying SST to Segmentation in the Wild. (a-c) Spi-
ders, bees, and beetles in iNaturalist [26]. (d) Birds in CUB [84].

(zo,yo) as the opening frame and the closing frame, de-
noted by o and 1. At xp, the segmentation label yq
serves as the prompt to SAM 2, while at 1, we ask the
model to first predict gy 41 and use yo as supervision to
fine-tune the model. The rationale is that if the model wants
to successfully segment the labeled image appended at the
end, it must track traits and parts in the intermediate test
images well. Our empirical results demonstrate the notable
gain via OC-CCL, using a single labeled image to fine-tune
the model at test time! One may view our approach as an
instance of test-time training [42, 78, 85].

Beyond specimen image segmentation. We explore other
application scenarios of SST. First, we go beyond specimen
images taken in the laboratory to consider (object-centric)
animal photos taken in the wild. We find that using SST
to segment traits and parts in these images is not trivial, as
they may be heavily occluded by complex backgrounds, 3D
pose variation, and 3D body deformation. However, if we
take a level up, considering animal instance segmentation,
SST performs surprisingly well, even if the “pseudo-video”
is highly non-smooth with rapidly and arbitrarily changing
backgrounds. For example, on the CUB dataset [84] for
bird segmentation, SST + OC-CCL is competitive with
the state-of-the-art algorithm dedicated to one-shot segmen-
tation [25, 81, 87]. We view this as an emergent property of
SAM 2: a foundation model trained for video segmentation
can track and segment taxonomically related species over
non-sequential, independently taken photographs.

Second, we investigate trait-based image retrieval.
Unlike standard image retrieval which uses holistic image
features to search for similar images [13, 19], we aim to find
images that share a similar trait with the query image. We
realize this idea by repurposing OC-CCL. Concretely, we
claim that an image ' and the query image x share a cer-
tain trait if the trait mask y in & can be propagated to =’ and
then back to . On the Cambridge Butterfly dataset [36] of
specimen images, we show that SST can precisely retrieve
images containing a specific trait, like white bands on the
forewings and hindwings of the butterfly.



Contribution. Our contributions are four-fold.

¢ We propose Static Segmentation by Tracking (SST), a
frustratingly label-efficient approach to fine-grained seg-
mentation on specimen images. SST concatenates static,
non-sequential images into a pseudo-video and applies
tracking algorithms to segment traits. It needs merely one
labeled image per species to complete the task, without
any secret tweaking, making it readily plug-and-play!

* We propose Opening-Closing Cycle-Consistent Loss
(OC-CCL) for one-shot fine-tuning to improve SST.

* We hand-labeled and semi-automatically labeled more
than 836 and 2, 831 fine-grained trait masks on over 150
sub-species of butterfly specimen images, respectively.
We also hand-labeled 180 beetle specimen images. We
expect these labeled images to serve as the testbed for fu-
ture research in specimen image segmentation.

* We demonstrate SST’s potential in broader application
scenarios, including instance segmentation on images
taken in the wild and trait-based image retrieval.

Remark. Our main use case is specimen images. How-
ever, it by no means implies that our scope and applicability
are “limited.” First, specimens are one major way for bi-
ologists to understand organisms, and a gigantic amount of
specimens have not yet been digitized and analyzed. For in-
stance, there are an estimated 350,000,000 plant specimens
deposited in the world’s 3,400 herbaria [77]. This plethora
of specimens represents just one of many taxonomic groups
in the Tree of Life. Second, Earth has millions of species
and each has distinctive sets of traits, demanding a versatile
segmentation algorithm that can adapt to the idiosyncrasies
of each species in a few-shot fashion. Third, while at first
glance, the object-centric nature and the plain background
may create a superficial impression that specimen images
are much easier to deal with than natural images (e.g., MS-
COCO images [38]), our experiments show that segment-
ing fine-grained traits and parts from them is non-trivial,
especially in a few-shot setting. Fourth, outside the com-
puter vision community, object-centric images with canon-
ical poses are a mainstream image source in various sci-
entific domains. Take medical image processing as an ex-
ample: many tasks are about MRI and CT-scan images and
they are mostly taken in canonical poses. To sum up, our pa-
per makes contributions to not only the vision community
(e.g., promoting a rarely studied but challenging task, pro-
viding data for benchmarking, and proposing a new way of
thinking) but also other scientific communities (e.g., mak-
ing the measurement of traits much easier).

2. Related Work and Background

Image segmentation. Image segmentation has been a long-
standing problem in computer vision, with various applica-

tions spanning across different fields [12, 21, 37, 41, 52].
Semantic and instance segmentation are arguably the most
popular segmentation tasks nowadays, aiming to cluster
pixels bearing the same semantic meanings and instances
[23, 52]. While much of the focus has been on common,
coarse-grained objects, several works have begun to explore
more fine-grained part-level segmentation within common
objects [29, 68]. In this paper, we aim to address a brand-
new, extremely fine-grained segmentation problem.

Few-shot segmentation (FSS). Many state-of-the-art
(SOTA) models have demonstrated impressive capabilities
in image segmentation [15, 33]. However, one bottleneck
to such a task is the laborious labeling efforts in creating
pixel-level annotations for model training. To address such
limitations, other works attempt to use few-shot learning
techniques to provide high-quality segmentation masks to
unseen classes, only with one or few image mask pairs as
“support” set [24, 40, 81, 91, 93]. In this work, we propose
anew few-shot learning approach and introduce a novel per-
spective to tackle the FSS problem.

Segmentation Anything Model (SAM). SAM [35] is a
foundation model for image segmentation, achieving SOTA
zero-shot segmentation performance. Previous works have
shown its superiority in medical image segmentation [28,
44, 49], camouflaged object detection [79], semantic com-
munication [80], and autonomous driving [76]. Recently,
Segment Anything Model 2 (SAM 2) [70] was released,
with extended capabilities on video segmentation tasks.
Specifically, SAM 2 is designed to take in the prompts on
any frame within a video sequence to help track and seg-
ment target objects and has been shown as the new SOTA
model in video segmentation. We build upon SAM 2’s su-
perior video segmentation capability for fine-grained seg-
mentation of non-sequential images in the biology domain.

Co-segmentation. The concept of co-segmentation was in-
troduced by Rother et al. [71], who aimed to segment out the
common foreground objects from multiple images. Most of
the previous works focus on whole object instances and re-
quire some degrees of joint training [14], supervised clus-
tering [34], or generation and ranking of region proposals
[16, 83]. Our work can be viewed as a new approach to co-
segmentation, leveraging the capabilities of video segmen-
tation models to efficiently segment the common objects,
parts, and traits across images given one labeled image.

3. Proposed Approach

Problem definition and notation. We study trait and part
segmentation from specimens of the same species. Let €
RWXHX3 denote a W x H image and y € {0, 1}W*Hx*C
denote the corresponding ground-truth masks of C' distinct
traits or parts. The goal is to develop a segmentation model
f such that its output § = f(x) matches y.



Typically, one needs to collect a labeled training set with
ample pairs of (z,y), and use it to train f in a supervised
way. In this paper, we target the one-shot scenario, i.e.,
building f using a single labeled image (z, y).

3.1. Static Segmentation by Tracking (SST)

At first glance, this looks like an impossible mission. How-
ever, the domain-specific properties described in Sec. 1 of-
fer the rescue. Our proposed approach, SST, closely con-
siders these properties and reframes trait and part segmen-
tation as a tracking problem, which is inherently a one-shot
task given a set of labeled instances in the first frame.
More specifically, let {xg,- -+ ,xx} denote a sequence
of video frames; a tracking algorithm aims to track the in-
stances in &, encoded by the label y, across the remaining
frames. In our context, we do not have a video but a set of
N unlabeled images and one labeled image (x,vy). Never-
theless, the domain-specific properties motivate us to create
a “pseudo-video” by treating x as the first frame x, fol-
lowed by an arbitrary order of the rest. Please see Sec. 3.3
for a detailed discussion about the pseudo-video creation.

SAM 2 for SST. We adopt the recently released Segment
Anything Model 2 (SAM 2) [70] for tracking, although
other tracking algorithms may apply. We briefly introduce
its model architecture and inference mechanism, followed
by our usage. See also Sec. 2 for the background.

SAM 2 uses a promptable Transformer encoder-decoder
f augmented with a memory bank B to process a video and
generate masks (see Fig. 5). Let {xg, -+ , N} denote the
video frames and {yo, - - - , yn } the corresponding ground-
truth labels. When the label of x,, is not available, y,, = &.
Let us denote the predicted mask for x,, by ¥,, and the up-
dated memory bank by B,,, which stores both the feature
and mask information. B,, can then be accessed by the next
frame x,, 1 to connect consecutive frames. In the context
of tracking, B,, can be interpreted as the updated state esti-
mate after perceiving the measurement ,,.

At each timestamp n, f takes the tuple [z, By—1, Yn]
as input, where y,, is treated as the (optional) prompt. It
then outputs the tuple [B,,, §,], where B,, will be used as
an input at the next timestamp,

[an'gn} = f ([wnaBn—laynD . 1)

In our context, we have y,, = &, Vn > 0. Namely, only
the first frame x is labeled. Inputting yo to f at timestamp
0 instructs the model on what to segment—the distinct traits
and parts and their extents. The resulting memory bank By
then carries such information to the successive frames, in-
structing the model on what to track over frames to generate
the masks {41, -+ ,yn}. See Fig. 3 for an illustration.

Remark. According to the original paper [70], SAM 2 is
readily applicable to a batch of static, non-sequential im-
ages, by setting the memory bank B,, to empty. In essence,

n-1 B,
xn
¥y
YpOr @ "

Figure 5. Illustration of SAM 2’s Mechanism [70]. It can be seen
as a function f that takes in the encoded context from the previous
frames B,,_1, the target image x,,, and an optional prompt y,,, and
then outputs the encoded context including the current frame B,,
and the predicted segmentation masks ¢, .

without the memory bank, SAM 2 simply treats every input
image as [ID samples and processes them independently.
Our insight is that even if the input images are taken in a
non-sequential fashion, whenever there exists useful depen-
dency among them (e.g., from the same species), SAM 2
has the potential to capture it in the subsequent frames. One
just needs to let the memory bank update, not resetting it.

3.2. Opening-Closing Cycle-Consistent Loss

SST uses SAM 2 in a plug-and-play fashion without chang-
ing its pre-trained weights, even though our use case is be-
yond the training data distribution. It is thus expected that
SST might fail when the transitions across static images are
significantly out-of-distribution (OOD).

One intuitive way to address this is to fine-tune SAM 2.
However, given merely one labeled image (x,yo), fine-
tuning risks overfitting. Noticing that we have used yq to
prompt SAM 2, we face another challenge: it is unclear
how to use it “dually” as the label to supervise fine-tuning.

We propose a novel approach, which leverages the flexi-
bility of creating pseudo-videos. We can not only concate-
nate static images in a flexible order but also duplicate them
and inject them at different timestamps to obtain multiple
predictions for the same image. Specifically, we duplicate
the labeled image x and append it at the end of the pseudo-
video. The resulting video becomes {x¢, -+ , N, TN +1}
where 41 = xo. Unlike timestamp 0 where x( is used
as the “opening frame” and vy is inputted as the prompt, at
timestamp N + 1, &y 41 is treated as an unlabeled “closing
frame” without prompts (i.e., yn1 = <),

[BN+1,9n+1] = f ([®n41, BN, 2]) . (@)

Such an arrangement allows us to use yg, the ground-truth
label of x 1, to supervise the fine-tuning of f by mini-
mizing the difference between ¢y 41 and yo. The rationale
is if f fails in intermediate frames, B will not carry useful
information for segmenting the traits or parts in € 1.

We employ a combination of the binary cross entropy
(BCE) loss and the Dice loss for fine-tuning, which are
commonly used in training a segmentation model. We name
our fine-tuning objective function Opening-Closing Cycle-
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Figure 6. Illustration of the Opening-Closing Cycle-Consistent
Loss (OC-CCL). By appending the labeled example as the last
frame, we can evaluate the segmentation quality by comparing the
predicted masks with the ground truth.
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Consistent Loss (OC-CCL), as it creates a cycle by link-
ing the closing frame of the pseudo-video to the opening.
See Fig. 6 for an illustration.

3.3. Implementation Detail

Pseudo-video creation. Previous subsections assume that
the pseudo-video concatenates the specimen images in an
arbitrary order. Intuitively, a smooth transition order should
improve SST’s performance; in contrast, a non-smooth
transition order may degrade SST. So far, using random
orders, we have not experienced a degradation. (See Ap-
pendix S2.1 for details.) Yet, we believe a dedicated ap-
proach to finding a smooth order would make SST more
stable, and we leave it as a future work.

In this paper, unless stated otherwise, we imple-
ment SST by creating multiple short, two-frame videos.
Concretely, given the labeled image-masks pair (o, yo)
and N unlabeled images {zi,---,xny}, we create
{zo, 21}, - ,{xo, &N} and apply SST independently to
each of them. We have two reasons.

e It eliminates the randomness in creating pseudo-videos
while knowing that it would disregard the potential bene-
fit of long-term memory.

It makes the comparison fair. Conventional models seg-
ment each test sample independently, reflecting the real-
world online use case where one processes a newly cap-
tured image right away. The recent few-shot approaches
also process each test image independently. Noticing that
considering all test images at once would term the con-
ventional inductive setting into a transductive one, we de-
cide to process each test image independently.

Fine-tuning and memory bank. Instead of performing full
fine-tuning, we apply LORA [27] to fine-tune the decoder
and the memory encoder of SAM 2 in a parameter-efficient
way. It reduces potential overfitting and speeds up training.

Since we now apply SST to short videos, i.e., {xo, T, },
the memory bank could simply carry the prompt y inputted
at timestamp 0, making the fine-tuning ineffective. We thus
propose the following strategy.

1. We create a palindrome-style cycle {xo, @,z x}}.
We use { to denote the duplicated images.

2. In the forward pass, we reset the memory of SAM 2 after
the first ,,, preventing it from carrying yo to :cg.

3. To propagate the mask information from ,, to xf, we
input the predicted mask y,, of the former as the prompt
to the latter. This prompt is differentiable.

4. In fine-tuning, SAM 2 needs to learn how to generate a
good g, such that y; could match the ground-truth yyq.

Unless stated otherwise, we fine-tune SAM 2 for each test
sample independently, all from the pre-trained weights.

Images with multiple specimens. We assume that each
specimen image contains one specimen instance. In prac-
tice, if one encounters images with multiple instances, one
may first apply object detectors like Grounding DINO [39]
to crop out each instance before applying SST.

3.4. Extension to Trait-Based Retrieval

Beyond trait segmentation within the same species, SST
can also be used to retrieve specimens having a similar trait
(e.g., the white band on the forewing or the orange tiger tails
on the hindwing) from other species. Given a query image
o and a farget trait yox—a single channel in the original
yo € {0,1}W*H*C_SST scores each image «,, in the
retrieval pool by

1. creating a palindrome-style cycle {xg, T, =, wg},

2. using yo* as the prompt and taking the forward pass in-
troduced in Sec. 3.3 to predict gjg*;

3. calculating the reconstruction quality IoU(ygx, gg*).

Namely, if x,, has the target trait, the mask yo* should ac-
curately propagate to x,, and then propagate back to x.

4. Experiment

4.1. Experimental Setup

Data. We evaluate SST on three specimen data sources.

¢ Butterfly: For fine-grained trait segmentation, we con-
sider the Cambridge Heliconius Collection [36] gathered
from various sources'. This collection contains 155 but-
terfly sub-species of the Heliconius genus; each has 4 ~
14 distinctive traits to tell itself apart from others. Ex-
amples include the tiger tails on the hindwings and white
bands on the forewings; some have quite complex, dis-
connected shapes. We consulted with biologists and the
field guide [1] to annotate them. Across specimens of the
same sub-species, the mask IDs are consistent. An algo-
rithm needs to not only segment them but also label each
with an ID. As this dataset is long-tailed (see Fig. 2), we
split the 151 sub-species into two parts: major and minor.

ISources: [30-32, 47, 48, 51, 53-67, 69, 72-75, 88-90]
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Figure 7. Qualitative Results: trait and part segmentation by SST vs. Seg-
GPT [87] on (a) Butterfly [36], (b) Fish [50], and (c) Beetles [22] data.

For each of the five major sub-species with over 250 sam-
ples, we randomly sampled 100 specimens as the test set
and hand-labeled masks. The remaining samples (2, 831
in total) are used for training, and we annotated them via
a semi-automatic approach: we used our SST to propa-
gate masks, followed by human inspection. Samples with
unsatisfactory masks were then hand-labeled. For the mi-
nor part, we hand-labeled 2 ~ 3 samples for each of the
146 sub-species having more than 2 samples.

* Beetle: We use the individual image subset of the 2018
NEON:-beetles dataset [22]. We hand-labeled 180 spec-
imen images (120/60 for training/testing) with 5 body
parts. The antennae and leg parts are quite challenging,
with complex, sharp, and thin shapes. Moreover, some
specimens have up to 90-degree of body rotations and
some have missing or overlapped parts, further increas-
ing the difficulties.

* Fish: We use the Fish-Vista dataset [50]°, which con-
tains specimens from over 1, 900 fish species. A subset of
specimens (1, 707/600 for training/testing) were labeled
with 9 expert-selected body parts; the labels are consistent
across species. We use this to test algorithm robustness:
an algorithm needs to segment these parts across species.
Some are visually quite distinct, with unique phenotypes.

Evaluation metric. We use the mean IoU (mloU) as the
main metric, averaged over part or trait IDs. In evaluating
FSS algorithms (including SST) in a one-shot setting, we
sample 10 training specimens with canonical shapes and vi-
sually clear traits and report an averaged mloU over 10 runs
of experiments, unless stated otherwise.

Baseline. We compare SST to four representative few-
shot segmentation (FSS) methods, PFENet [81], VAT [24],
HDMNet [91], and SegGPT [87]. Whenever an algorithm
cannot segment multiple classes (i.e., different traits or

>This dataset is comprised of specimen images from various collec-
tions: [2-10, 17, 20, 45, 46]

Figure 8. Fine-Tuning Results. OC-CCL fine-tuning im-
proves SST’s robustness to variations caused by applying
different levels of transformations to images.

parts) at once, we segment each class separately. To handle
overlapping pixels across classes, we optionally assign each
pixel to the highest score label if it improves the mloU. We
also apply two representative many-shot instance segmen-
tation algorithms, YOLOv8 [33] and Mask2Former [15],
whenever we have sufficient training samples. Please refer
to Appendix S1 for more experimental setup details.

4.2. Main Result

Trait segmentation on Butterfly. As each butterfly sub-
species has a distinct set of traits, we evaluate them sepa-
rately. On each of the five major sub-species, we train a
Mask2Former [15] and a YOLOv8 [33] using all training
samples. For FSS algorithms, we consider a one-shot set-
ting. On the remaining minor species, we only consider FSS
algorithms, again in a one-shot setting. For each minor sub-
species, we iterate over the 2 ~ 3 labeled images, using one
for training and the others for testing, and report the average
mloU. Tab. | summarizes the results. SST outperforms ex-
isting FSS algorithms in a one-shot setting, with a margin of
at least 16 mIoU on both major and minor sub-species. Sur-
prisingly, SST even surpasses many-shot algorithms trained
with at least 150 samples per sub-species.

Part segmentation. We compare SST to both FSS algo-
rithms (in a one-shot setting) and many-shot algorithms on
Fish [50] and Beetle [22] datasets. This is particularly chal-
lenging as the algorithm needs to segment the same body
parts across species (see Fig. 7), which exhibit huge pheno-
typic variations. As shown in Tab. 2, most of the FSS meth-
ods fail, yet SST can still maintain a fairly high mloU. We
observe further improvement by employing one-shot fine-
tuning using OC-CCL, as can be seen in Tab. 2 and Fig. 7.

4.3. Out-of-Distribution (OOD) Robustness

In the actual application of SST on specimen images, some-
times we might encounter OOD cases, where the specimens



Table 1. Trait Segmentation Results
(mIoU). SST outperforms the other re-
cent FSS methods as well as standard
many-shot segmentation models trained
on full data.

Table 2. Part Segmentation Results (mIoU). SST
and fine-tuned SST (SST + OC-CCL) outperform the
other FSS models by a large margin.

Table 3. Instance Segmentation.
Our method SST achieves similar
results as SOTA FSS methods on
object instance segmentation.

# of Data Model Sub-species # of Data Model Fish [50] Beetle [22] Model mloU
Major Minor HDMNet [91] 1.5 6.1 HDMNet [91] 64.14

HDMNet [91] 12 70 PFENet [81] 3.1 19.1 :
VAT [24] 24.6 26.0 PFENet [81] 72.37

PFENet [81] 8.0 42 One-Shot
One-Shot VAT [24] 13.5 15.1 SegGPT [87] 37.5 452 VAT [24] 83.42
SegGPT [87] 633 419 SST (ours) 56.8 63.5 SegGPT [87] 51.33
SST (ours) 80.6 71.8 SST + OC-CCL (ours) 61.5 66.1 SST (ours) 71.10
P YOLOWDI 7L P YOLOWDS s 7S] SST +0C-CCL (ours) 7776
Mask2Former [15] 79.3 Mask2Former [15] 85.5 83.2

Before
Fine-tune

After
Fine-tune

— Oversegmentation —— —— False Positive —— —— False Negative ——

bl

Figure 9. Before vs. After OC-CCL Fine-Tuning. Fine-tuning with OC-CCL notably improves SST with merely one

labeled training example.

are not captured in standard views. That is, the images
might be subjected to rotation, translation, or scaling. Ac-
cordingly, we manually apply these transformations to the
Butterfly test set to create an OOD robustness task. We de-
fine transformation levels from 0.0 to 1.0, corresponding to
no transformation and the largest degree of transformation
we apply, respectively. At level 1.0, we randomly rotate the
image between —90° and 90°, translate it up to 60% of its
height or width, and scale it down to 50% of its original size.
We found that SST tends to lose track of the fine-grained
details after a certain level of transformations, likely due to
the absence of such huge variations (between consecutive
frames) in the pre-training data.

To address this, we use OC-CCL to fine-tune the model
in a one-shot setting for each test image. OC-CCL consis-
tently improves SST’s robustness as seen in Fig. 8. In the
extreme rotation cases (the right end of the figure), we boost
the mIoU from 40% to over 50%, a more than 10% gain.

4.4. Experiments on Instance Segmentation

Besides fine-grained trait and part segmentation on spec-
imen images, SST can also be applied to object instance
segmentation on images taken in the wild. We use the
CUB-200-2011 dataset [84] to demonstrate such a capa-
bility. Given one random bird image and its segmenta-
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Figure 10. Trait-Based Retrieval. Selecting different target traits
on the same image retrieves varied lists of sub-species with corre-
sponding traits. Target and retrieved traits are circled in colors.

tion mask, we examine if FSS algorithms can segment all
200 bird species from the remaining images. The results
are shown in Tab. 3. As whole object instance segmenta-
tion is the original problem domain for most of the com-



pared methods, they show much better results than Tab. |
and Tab. 2. In this domain, SST still achieves a competitive
segmentation performance across bird species, even with
large variations from image to image. Furthermore, fine-
tuning SST with the single training image using OC-CCL
again shows significant improvement in segmentation qual-
ity. We closely analyze the object instances that originally
fail to be correctly segmented by SST and categorize them
into 3 failure cases: Oversegmentation, where SST cor-
rectly segments out the object along with some extra neigh-
boring backgrounds; False Positive, where SST falsely seg-
ments out an irrelevant object; and False Negative, where
SST completely fails to segment anything from the picture.
As shown in the bottom row of Fig. 9, without using any
ground truth masks for the test images, fine-tuning with OC-
CCL helps substantially mitigate these issues.

4.5. Experiments on Trait-Based Retrieval

As mentioned in Sec. 3.4, given a target trait, our method
can use the reconstruction IoU to find images with similar
traits. As shown in Fig. 10, SST + OC-CCL faithfully re-
trieves sub-species with similar corresponding traits. If we
focus on different traits of the same butterfly, we can re-
trieve different lists of sub-species. For more experiment
results and discussions, please see Appendix S4.

5. Conclusion

We introduce Static Segmentation by Tracking (SST), a
frustratingly simple approach to fine-grained segmentation
on specimen images. By passing non-sequential specimen
images into a tracking algorithm like SAM 2, SST demon-
strates remarkable trait and part segmentation given merely
one labeled image. Our further investigation shows that
SST can go beyond specimen images to segment animal
instances in the wild. It can also support trait-level retrieval
to discover species with similar local parts and patterns.
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Table S1. Dataset Statistics for Butterfly [36], Fish [50], and Bee-
tle [22] dataset.

Butterfly Fish  Beetle
Major Minor
# of Classes 5 146 465 12
Total Train 2831 - 1707 120
Total Test 500 313 600 60

S1. Dataset Statistics and Evaluation Details

We put the general statistics for Butterfly [36], Fish [50],
and Beetle [22] datasets in Tab. S1.

Butterfly. The Cambridge Butterfly [36] dataset in-
cludes 151 sub-species in total. ~We split it into two
parts, major and minor, based on the available data sam-
ple for each sub-species. The major part has 5 different
sub-species, with 2,831 semi-automatically labeled training
samples and 500 hand-labeled test samples in total. We take
all 2,831 training data samples to train standard segmen-
tation models, Mask2Former [15] and YOLOvS8 [33], for
each sub-species. To evaluate few-shot segmentation mod-
els, we sample one random specimen from the train set for
each sub-species, and evaluate the performance on all test
data of the same sub-species. The minor part has 146 sub-
species with 313 hand-labeled test images in total, which is
intended for the one-shot segmentation task. For this part,
we only test on few-shot segmentation models in the same
fashion as we evaluate the major sub-species.

Fish. The Fish-Vista [50] dataset has 465 different
species of fish, containing 1,707 training samples and 600
testing samples in total. As all species share a common set
of 9 segmentation classes (e.g. head, eye, tail, adipose fin,
caudal fin, etc.), we are able to train standard segmentation
models on all 1,707 samples from the train set across all
species. For few-shot segmentation models, we select 10
representative examples from the training set as reference,
and use each of them to evaluate the one-shot performance.

Beetle. The Beetle [22] dataset consists of beetles of
12 different species. For each species, we hand-label 15
images in total, taking 10 as the train set and 5 as the test set.
Each beetle species shares 5 common segmentation classes:
head, pronotum, elytra, antenna, and legs. For the standard
segmentation model, we train across all training data across
species. For few-shot segmentation methods, we randomly
sample one example from the 120 training samples and test
the segmentation quality on all 60 test data across species.
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Figure S1. SST Performance on Different Inference Variants.

Optimizing the frame ordering improves the stability when using
long video sequences for inference.

S2. Additional Analysis on SST
S2.1. Analysis on Inference Variants

In the main paper, we evaluate our method using a single
test image at a time to compare it against other few-shot
segmentation models, ensuring a fair comparison. However,
as mentioned in Section 3.3, it is also possible to concate-
nate all test images and process them together using SST.
We observe that using random orders does not significantly
degrade performance, though a more carefully designed al-
gorithm could make SST more stable.

To demonstrate this, we conduct a toy experiment on the
lativitta sub-species from the Butterfly [36] dataset. We first
randomly sample 10 butterflies from the test set and gener-
ate 10,000 unique orderings for the 10 images. We then
put all ten images in a sequence based on each ordering
and evaluate SST after propagating through the entire se-
quence. We average the mloU performance across each or-
dering and plot it against a histogram as shown in the blue
part of Fig. S1. There appear to be two peaks in the dis-
tribution, but the overall influence is limited (mIoU from
90% to 92%). We then experiment with a slightly improved
ordering strategy by interleaving each test image with the
reference image, so that the reference information can be
retained even if some frames lose the track. As shown in
the orange part of Fig. S1, although random ordering only
has a limited influence on the performance, interleaving the
test images further reduces the standard deviation in mIoU.
Thus we conclude that finding the optimal sequence can in-
deed help with the stability of video inference, and we plan
to explore the ordering design as a future work.
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Figure S2. Qualitative Results on Beetle [22].

Table S2. Multi-Shot on Instance Segmentation. SST can also
benefit from multiple examples.

Model 1-shot 5-shot
HDMNet [91]  64.1 66.3
PFENet [81] 72.4 72.8
VAT [24] 83.4 85.3
SegGPT [87] 51.3 78.8
SST (ours) 71.1 77.9

S2.2. Multi-Shot Setting

Similar to the other few-shot segmentation algorithms,
SST can also benefit under the multi-shot setting. For
5-shot evaluation, we adopt a naive design, where five
labeled image mask pairs are put in the beginning, and
a sequence is created independently for each of the in-
coming images. In other words, given labeled reference
pairs (2o, Yo), (21,91), (¥2,2), (3,93), (¥4,y4) and un-
labeled target images {zs,...,xn}, We create sequence
{zo,...,x4,25},...,{x0,...,24,2n} and apply SST to
each of them. As shown in Tab. S2, SST’s 5-shot perfor-
mance on CUB-200-2011 [84] bird instance segmentation
task scores 77.9 average mloU, with a 6.8 improvement. It
can also be noticed that SegGPT benefits significantly from
more training samples. We also aim to design a better multi-
shot mechanism for SST as a future work.
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S3. Qualitative Results on Fine-Tuned Models

To compare the performance of different methods, we show
more qualitative results on a more diverse set of butterflies,
fish, and beetle species, see Fig. S2, Fig. S3, and Fig. S4.
For each column, we keep the same setting as in the main
paper. For both SegGPT [87] and SST + OC-CCL, we
select one random image from the training set as a reference
and evaluate the segmentation quality on the target image.
The quality is demonstrated in the third and fourth columns
of the figures. We also show the segmentation quality of
Mask2Former [15] in the last column of Fig. S2 and Fig. S4,
which is trained on the entire available training dataset. We
omit the Mask2Former column for the Butterfly [36] dataset
as there aren’t enough data samples to train a full standard
segmentation model for most of these sub-species.

S4. Additional Trait-Based Retrieval Results

We originally demonstrate SST’s ability to do trait-base re-
trieval in Section 3.4 and 4.5 in the main paper. Here, we
show more trait-based retrieval results using SST with a
diverse range of sub-species. Given a target trait on any
sub-species, as outlined in red in the left-most column of
Fig. S5, SST can reliably retrieve sub-species that share
similar traits, as outlined in cyan in Fig. S5.
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Figure S4. Qualitative Results on Fish [50].
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Figure S5. Qualitative Results for Trait Retrieval on Butterfly [36]. Target trait is outlined in red, the retrieved traits are outlined in
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