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Abstract—In this paper we introduce a new dataset containing
instance segmentation masks for ten different categories of winter
sports equipment, called WSESeg (Winter Sports Equipment
Segmentation) 1. Furthermore, we carry out interactive seg-
mentation experiments on said dataset to explore possibilities
for efficient further labeling. The SAM and HQ-SAM mod-
els are conceptualized as foundation models for performing
user guided segmentation. In order to measure their claimed
generalization capability we evaluate them on WSESeg. Since
interactive segmentation offers the benefit of creating easily
exploitable ground truth data during test-time, we are going
to test various online adaptation methods for the purpose of
exploring potentials for improvements without having to fine-tune
the models explicitly. Our experiments show that our adaptation
methods drastically reduce the Failure Rate (FR) and Number
of Clicks (NoC) metrics, which generally leads faster to better
interactive segmentation results.

Index Terms—interactive segmentation, instance segmentation,
sports, winter sports, ski, snowboards, winter sports equipment,
dataset

I. INTRODUCTION

There is an interest in the exact analysis of the pose and
limb positions of a human being depicted in an image or
video. The corresponding computer vision tasks are human
pose estimation [1] and body part segmentation [2], [3], where
progress mainly benefits the analysis of sports-related image
and video data. In some cases deep learning applications can
be applied for the post hoc analysis of the athletic performance
with the aim of finding room for improvement. For this
purpose it is necessary to detect the exact position of each
limb of the body.

The authors of [4], [5] leverage segmentation masks for
body parts of human athletes as well as equipment to train
a network capable of localizing any desired keypoint on the
human and their equipment. There is a wide availability of
datasets containing human poses in a skeletal form and body
part segmentation masks for human limbs. However, data
concerning the equipment used in the sports is relatively
scarce, which lead to the authors resorting to pseudo labels.

1Available at https://github.com/Schorob/wseseg .

This insufficient availability of data particularly concerns the
winter sports domain, which is why we created a dataset
containing segmentation masks for various types of winter
sports equipment worn or used by the respective athletes.

Most available datasets containing segmentation masks only
provide these types of annotations for general consumer
images. Often, there is a lack of segmentation masks for
rare applications that considerably differ from the domain
of general consumer images. In these cases, there will be a
need to annotate ground truth segmentation masks for the new
purpose. However, directly annotating these masks generally
constitutes a considerable amount of work. This is especially
the case when the segmentation masks are annotated by the
means of drawing polygons (as in the case of COCO [6]) and
the annotator has to draw masks for fine structures. In order to
alleviate this problem, there has been a considerable amount of
research dedicated to the development of systems that are able
to infer a segmentation mask from simple, quickly providable
user guidance. In the most cases, this guidance amounts to
clicks or scribbles on the foreground or background to indicate
the position of the object.

Such interactive segmentation systems should be applicable
to a wide range of data. The authors of [7] present the Segment
Anything Model (SAM) as a foundation model that aims at
generalizing to unseen domains or types of objects. The
authors of [8] present HQ-SAM, which is a slight modification
of SAM. It is geared towards producing segmentation masks
with a higher quality and endowing the model with the
capacity to segment finer structures. For this purpose, HQ-
SAM was additionally fine-tuned with the high-quality human
annotated masks from HQSeg-44k. In contrast, SAM has
only been trained on automatically generated masks. Despite
the extensive training, foundation models such as SAM and
HQ-SAM often face issues when exposed to domains that
do not resemble their training data [9]. In order to rectify
these limitations, we will explore the applicability of test-time
adaptation (TTA) methods when adapting SAM and HQ-SAM
to this winter sports dataset. Our experiments will show that
there is a considerable room for improvement when applying



TTA. Our contributions can be summarized as follows:
• We provide a dataset which contains high-quality instance

masks for 10 types of winter sports equipment. We call
this dataset WSESeg. 2

• We explore the usability of SAM and HQ-SAM for the
usage as interactive segmentation systems on our winter
sports dataset. We measure their performance in terms of
the Failure Rate and Number of Clicks metrics.

• We compare various schemes for the test-time adaptation
of interactive segmentation models to boost performance
compared to the standard versions of SAM and HQ-SAM.

II. THE WINTER SPORTS EQUIPMENT SEGMENTATION
(WSESEG) DATASET

There has already been a considerable amount of litera-
ture and datasets discussing the importance of being able to
segment the body parts, clothing and even certain types of
equipment a person is wearing. The authors of [2], [3] have
published datasets for the task of segmenting all parts of a
human body, including clothing items. In addition to that, the
usage of segmentation masks of sports equipment is discussed
in [4], [5], [10]. The authors of [11] demonstrate a viable
use case for segmentation masks of sports equipment, by
segmenting swords used in fencing.

With the aim of contributing to this line of research,
we publish a novel dataset containing instance segmentation
masks of winter sports equipment. The published dataset is
called WSESeg (Winter Sports Equipment Segmentation). The
datasets contains ten classes. This corresponds to nine different
types of object. Skis occur in the form of two classes: One
class specifically contains skis in the context of ski jumping,
while the other class contains skis used in other contexts.

An overview over the classes as well as the amount of
images and masks that can be found in each class are given in
Table I. Most of the images have been collected from Flickr,
by automatically downloading all search results corresponding
to a certain query (one query for each class). Afterwards the
resulting set of images has been manually filtered to only
contain images that actually display the desired type of object.
The only exception is provided by the class for skis in the
context of ski jumping, where the images originate from the
first video of the YouTube Skijump Dataset [5]. The chosen
frames are exactly the ones indicated by the authors. In order
to provide high quality annotations in the form of fine-grained
masks, we used an existing interactive segmentation system
[12].

In addition to this, any form of segmentation masks for
rarely occurring objects constitutes a viable way of evalu-
ating interactive segmentation systems, as the authors of [7]
demonstrate. SAM [7] and HQ-SAM [8] have been trained for
the usage of general consumer images. More specific types of
items, such as winter sports equipment in a scenery containing
a considerable amount of snow, are rare in such image sets. We

2Dataset, benchmark and interactive segmentation baseline will be released
on Github right before publication.

TABLE I
THE NUMBER OF MASKS AND IMAGES IN EACH CLASS OF THE NOVEL

WSESEG DATASET.

Class Name # Masks # Images
Ski (Jump) 498 249
Ski (Misc) 601 245
Bobsleighs 620 572

Curling Brooms 656 284
Curling Stones 983 285

Ski Goggles 599 501
Ski Helmets 684 555

Slalom Gate Poles 1034 507
Snowboards 650 491
Snow Kites 1127 532

Total 7452 4221

are going to evaluate the viability of these systems for the task
of interactive segmentation on the rare domains provided by
our WSESeg dataset. Furthermore, we are going to test various
tactics geared towards improving the systems performance
during usage time. These methods are described in Section IV.
Another reason why our data may be challenging for a model
lies in the great variety of object sizes. Bobsleighs constitute
the class with the largest objects covering 13.05 % of the area
of the respective images, while the ski of skijumpers cover
only 0.78 % of the images. Although the COCO dataset (see
[6]) also offers masks for skis, they only provide the mask
annotations in the form of rather coarse polygons.

A selection of sample images can be seen in Fig.1.

III. RELATED WORK

A. Segmentation of Instances in Sports

The authors of [13] propose a system for the tasks of player
instance segmentation and ball localization. Their paper points
out the importance of segmenting sports equipment. In [14]
we find a player instance segmentation system for the Deep-
SportsRadar dataset. The authors of [15] develop a real time
system for semantic segmentation. The players are viewed as a
single mask. [11] provides us with another perspective of why
the tracking of sports gear is important. Therein the authors
present a system for tracking the sword during fencing. In
addition to performing instance segmentation on the sword
itself, the tip of the sword is tracked in the form of a keypoint.

B. Interactive Segmentation

Interactive segmentation deals with methods to segment
objects in images with the help of repeated user interaction
(see [16]–[18]). In many cases this interaction takes the form
of clicks provided by the user (see [19], [20] and [21]). The
authors of [7] present the segment anything model (SAM),
which has been trained on SA-1B, a dataset containing 1.1B
masks for 11M images. The authors publish the trained model
weights with the aim of providing a foundation model for a
task they call promptable segmentation. This task constitutes
a generalization of interactive segmentation. In order to prove
the generality of their method, they perform evaluations on
datasets containing rare objects. [8] discusses an extension
of SAM, called HQ-SAM, that has been fine tuned with the



Fig. 1. Sample images from the WSESeg dataset. The object types being segmented are the following. Upper row: Bobsleigh, Curling Broom, Curling
Stone, Ski Goggles, Ski Helmet. Lower Row: Slalom Gate Poles, Skis (Misc), Skis (Skijump), Snowboard, Snowkite. The saturation of the images has been
decreased for better visibility.

HQSeg-44k dataset, a dataset containing high quality human
annotated segmentation masks. Interactive segmentation pro-
vides the benefit of generating ground truth annotations during
test-time. In [22], [23], the clicks annotated by the authors are
employed as labels for single pixels to further optimize the
model whilst being in use. The authors of [24] perform online
optimization based on past annotations. [25] briefly mentions
the usage of intermediate masks without going into further
detail.

IV. ONLINE ADAPTATION METHODS

Whenever we use an interactive segmentation model, we can
assume the model to be applied to more than one image in
the usage domain. In addition to this, interactive segmentation
has the property of generating high quality masks for objects
without any previously existing ground truth, while the em-
ployed system is currently in use. These masks are created to
be used as ground truth in the future, and can thus be exploited
to progressively adapt the system to the domain to which it is
being applied. In addition to this, we obtain the ground truth
for a single pixel after each click, allowing us to directly adapt
to the current image. In order to ameliorate the user experience
when using interactive segmentation systems, we are going to
explore various existing techniques for the purpose of adapting
pretrained models in an online fashion. By this, we mean that
the model does not require any form of fine-tuning before
being used. We are first going to provide a quick summary of
the problem of interactive segmentation. Afterwards, we are
going to present the various possible adaptation methods that
can be applied to the foundation models.

A. Interactive Segmentation

Interactive Segmentation methods are usually conceptual-
ized for the purpose of segmenting the surface of an object in
an image by giving the system some form of user guidance
[19]. We are only looking at the case where the guidance
is provided in the form of clicks/coordinates on the object’s
surface or the background, respectively. This constitutes a
form of ground truth for single pixels which will help the
system with the segmentation of the desired object. Interactive

segmentation starts out with an image xImg ∈ RH×W×3. Our
goal is to create a segmentation mask m ∈ {0, 1}H×W for a
particular object in the image.

For this, we train a network ΦIntSeg to predict a segmentation
mask from the clicked coordinates and the images. In our
case, we are going to look at a scenario in which ΦIntSeg is
also given a preexisting, potentially faulty segmentation mask
we want to improve. Whenever we have no such mask, we
give the network a mask purely consisting of zeros. This
is the case whenever the user has just made the first click.
The network ΦIntSeg is going to be applied in an iterative
fashion in order to progressively improve the mask with
each interaction (i.e. with each click). Let τ be the index of
the current interactive step. The user inspects the currently
estimated mask mτ−1 and places a click on a region that isn’t
yet correctly labeled. These clicks take the form (iτ , jτ , lτ )
with (iτ , jτ ) being the coordinate on the image and lτ being
the label. This label either indicates the pixel as background
(lτ = −) or foreground (lτ = +). In application scenarios,
the label is usually indicated by using the right or left mouse
button, respectively. Together with this new click, the notation
p1:τ = {p1, ...,pτ} represents all so far accumulated clicks.
The interactive segmentation network then predicts a corrected
mask mτ = ΦIntSeg(xImg,p1:τ ,mτ−1). These steps are re-
peated until the user judges the mask quality to be sufficient.
Since this judgement is subjective, the mask may still contain
incorrectly annotated areas. We will call this resulting mask
mResult.

We are going to look at two interactive segmentation
models: SAM [7] and HQ-SAM [8]. We deem these models to
be of elevated interest, because they are considered as founda-
tion models by the authors. This characterization specifically
implies the ambition of creating a model that has been trained
with such an enormous amount of training data, that it can be
successfully applied to any arbitrary domain without having
to be fine-tuned. The architectures of these two models can be
divided into three parts:

• The image encoder is a vision transformer (see [26]) that
receives the image and outputs feature maps describing



the input image.
• The prompt encoder encodes the clicks and the previous

masks into an internal feature representation.
• The mask decoder predicts the mask from the encoded

prompts and the extracted image features.
This type of task division allows for an increased processing
speed during interaction. The image only has to be processed
once in order to extract the features. During the interaction,
the generation of a predicted mask only requires the repeated
execution of the prompt encoder and the mask decoder. As
long as these two networks are sufficiently lightweight, the
user can adjust the mask in real time. It should be noted
that SAM has been designed for the more general task of
promptable segmentation, which also involves bounding boxes
or text as user guidance. In our experiments, however, we
only look at click-based interactive segmentation. SAM has
been trained on the dataset SA-1B, which contains 1.1B
segmentation masks in 11M different images. This dataset
has been published together with SAM and only contains
automatically generated masks. The authors of HQ-SAM argue
that purely training a model on automatically generated labels
might lower the performance due to low-quality masks as the
ground truth for the dataset. They propose a slight modification
of the SAM architecture which they call HQ-SAM. In addition
to the large pretraining of SAM, HQ-SAM is fine-tuned on a
dataset called HQSeg-44k, which contains high quality human-
annotated masks.

B. Click Adaptation (CA) and Click Mask (CM)

Right after the placement of a click in the image, we obtain
the ground truth information for a single pixel. Over the course
of τ interactions on said image, we accumulate progressively
more annotated pixels p1:τ . We can use these pixel as pseudo
labels to adapt our model directly to the image (see [22], [23]).
This is done by creating a sparse mask which indicates that
only some pixels are annotated by labeling the pixels without
any label with the class −1:

mSparse
τ,i,j =


1, if (i, j,+) ∈ p1:τ

0, if (i, j,−) ∈ p1:τ

−1, otherwise
(1)

We can then employ this mask to directly compute and
minimize the sparse binary cross-entropy

LSparse(m
Sparse
τ ,mτ ) =

∑
i,j 1mSparse

τ,i,j=1LBCE(m
Sparse
τ,i,j ,mτ,i,j)∑

i,j 1mSparse
τ,i,j=1

+

∑
i,j 1mSparse

τ,i,j=0LBCE(m
Sparse
τ,i,j ,mτ,i,j)∑

x,y 1mSparse
τ,i,j=0

(2)

with mτ being the currently estimated mask. We use this loss
to partially optimize the network parameters. This optimization
poses a form of intentional overfitting to the current image.
We will call this click adaptation (CA). In our experiments
(see Tables II and III) we look at the options to either reverse

this overfitting (marked with an R) after each image, or simply
carry on without reversing (marked with a C).

We also have the possibility of using the sparse mask to
carry out an optimization after each image, in order to adapt
the model to the images domain as a whole. We refer to this
optimization as click mask (CM). In Table II and Table III we
use a checkmark (✓) whenever this technique is employed.

C. Using the Resulting Mask (RM) as Ground Truth

The purpose of interactive segmentation is the creation of
high quality object masks by a user. Thus we obtain a mask
for a single object, once the user is done annotating. We
can use the resulting mask as a pseudo label to adapt our
model to the usage domain. Since the quality of the mask
depends on what the user regards as sufficient, there still may
be erroneous areas on the mask. In order to allow the loss
function to ignore these areas we tried two different methods
of discarding potentially faulty mask pixels. The first approach
is based on the assumption, that the erroneous areas of the
resulting mask are most likely to be found close to the borders
between foreground and background. We will therefore erode
the background and foreground areas and ignore the eroded
parts of the mask. We carry out an iterative form of erosion.
Let m be a mask. Then we define k-fold iterative erosion to
be

γ0(m) = m, (3)

γk+1(m) = γk(m)⊖

0 1 0
1 1 1
0 1 0

 . (4)

This erosion operation is applied once to the background mask
and once to the foreground mask. The results are then merged
again into a new mask, where the eroded areas are set to the
ignore label (−1).

The second approach is to use confidence based pseudo-
label filtering. The mask generated by the interactive seg-
mentation model after the last user interaction can be seen
as a probability map mResult, p. For each pixel, probabilities
closer to 0 indicate a higher likelihood of the pixel belonging
to the background and probabilities closer to 1 a higher
likelihood of belonging to the foreground. The value 0.5 then
corresponds exactly to the decision border between foreground
and background. We define a confidence threshold δ ∈ (0, 0.5)
which indicates how far the probability should be away from
the decision border 0.5 in order to be used as a label during
optimization. Only pixels whose probability values have a
distance of at least δ from 0.5 are considered during loss
computation (i.e. |mResult, p

i,j − 0.5| ≥ δ). In Tables II and III
the column RM indicates in what way we use the result mask
during optimization. E stand for label filtering by erosion, CT
stands for the application of a confidence threshold and U for
using an unfiltered result mask.



TABLE II
THE RESULTS ON THE WSESEG DATASET FOR SAM. NOC MEANS THE NOC20@85 METRIC AND FR IS THE FR20@85, DESCRIBING THE NUMBER OF

OBJECTS THAT COULD NOT BE SEGMENTED AFTER 20 CLICKS. FOR BOTH METRICS, A SMALLER VALUE INDICATES A BETTER PERFORMANCE. AN
EXPLANATION OF THE CONFIGURATIONS CAN BE FOUND IN SECTION IV: CLICK ADAPTATION (CA) CAN EITHER BE CARRIED OUT WITH (R)ESETS OR

(C)ONTINUOUSLY. THE RESULTING MASK (RM) CAN EITHER BE USED (U)NTREATED, PRUNED WITH (E)ROSION OR CONFIDENCE THRESHOLDING (CT).
WE MAY ALSO USE ALL ACCUMULATED CLICKS AS A CLICK MASK (CM).

Configuration Bobsleigh Curl. Stone Ski Helmet Snow Kite Ski (Jump)
CA RM CM NoC FR NoC FR NoC FR NoC FR NoC FR

3.379 3.39 3.586 9.56 9.050 33.04 5.972 23.96 16.050 74.50
R E ✓ 3.502 3.06 3.617 9.36 8.173 26.17 5.996 23.96 15.323 68.67
R CT ✓ 3.511 3.06 3.641 9.66 8.151 25.88 5.983 23.60 15.229 68.88
R 3.415 3.06 3.481 8.75 7.972 25.29 5.966 23.78 15.329 68.67
C 3.450 3.06 3.452 8.65 8.044 25.00 5.926 23.51 15.299 68.88

E 3.440 3.06 3.579 9.26 8.792 31.14 5.987 24.05 15.763 72.89
CT 3.445 2.90 3.574 9.16 8.542 29.24 5.981 23.87 15.707 72.29

✓ 3.384 2.74 3.585 9.36 8.692 30.12 6.004 24.13 15.677 71.69
R ✓ 3.461 3.06 3.452 8.55 7.985 25.15 5.955 23.69 15.337 68.67
R U ✓ 3.495 3.23 3.617 9.26 8.218 27.34 6.008 23.69 15.251 68.67

Curl. Broom Ski Goggles Ski (Misc) Slalom Gate Poles Snowboards Average
NoC FR NoC FR NoC FR NoC FR NoC FR NoC FR

13.855 62.20 10.942 44.07 12.153 52.91 6.649 22.92 6.678 23.85 8.831 35.03
13.213 57.16 10.441 39.90 11.589 49.08 6.349 20.12 6.522 22.62 8.472 32.01
13.133 57.01 10.501 40.90 11.554 48.59 6.402 20.21 6.648 24.00 8.475 32.18
13.076 55.49 10.508 40.07 11.434 47.42 6.119 18.67 6.686 23.85 8.399 31.50
13.108 56.25 10.558 40.40 11.720 49.75 6.346 20.50 6.605 23.23 8.451 31.92
13.640 60.37 10.741 42.57 11.854 50.75 6.565 22.15 6.734 24.15 8.710 34.04
13.555 59.60 10.618 41.74 11.927 51.75 6.640 22.15 6.694 23.85 8.668 33.65
13.773 60.82 10.920 43.91 11.880 51.08 6.742 22.82 6.669 23.85 8.732 34.05
13.189 56.25 10.372 39.57 11.399 47.75 6.359 20.02 6.592 23.69 8.410 31.64
13.392 58.23 10.466 40.23 11.654 48.75 6.465 20.89 6.672 24.00 8.524 32.43

V. EXPERIMENTS

A. Evaluation Details

In order to carry out an automatic evaluation, we follow
common practice (see [19]) to simulate a plausible approxi-
mation to the behaviour of a human user. Note that the act of
evaluating our system requires the availability of the ground
truth for the images we evaluate on. Each click is generated
in the following way:

1) Compare the predicted mask with the ground truth to
obtain segmentation masks covering the false positive
and false negative areas.

2) Compute DFP and DFN, which are the distance trans-
forms (see [27]) of the false positive and false negative
area respectively.

3) Find the coordinates pmax, FP and pmax, FN at which you
can find the maximum values of the respective distance
transforms. The new click will be placed at one of these
two coordinates.

4) If DFP[pmax, FP] > DFN[pmax, FN], place the new click at
pmax, FP and give it a background (−) label. Otherwise,
place the new click at pmax, FN and give it a foreground
(+) label.

In order to ensure efficient processing by the model, we only
optimize the mask decoder. In this way, the large encoder only
has to be executed once. We utilize the SAM and HQ-SAM
architectures with a ViT-b backbone. We discovered appropri-
ate values for hyperparameters in preliminary experiments: For
adaptation, we use the Adam optimizer [28] with a learning
rate of 5 · 10−8 for SAM and 10−6 for HQ-SAM. We found

k = 5 to be the best performing number of iterations for
iterative erosion, and δ = 0.45 to be the best performing
confidence threshold.

Since our experiments are going to measure the usability
of SAM and HQ-SAM as interactive segmentation systems,
we are going to measure the NoC20@85 and FR20@85 met-
rics, which are computed as follows: Let mGT and mτ be
the ground truth mask and the currently estimated mask,
respectively. We asses the mask quality by IoU(mGT,mτ ) =
mGT∩mτ

mGT∪mτ
. For both metrics, we have a certain IoU threshold

(in our case 85). In order for a mask to be regarded as
sufficiently well annotated, the overlap with a preexisting
ground truth has to exceed this IoU threshold. In the domain of
interactive segmentation, NoC20@85 measures the number of
click interactions necessary to reach this threshold. This num-
ber of interactions is capped to 20 foreground / background
clicks. This is also the same concept used for the failure rate
FR20@85: If the predicted mask does not reach an IoU of at
least 85 with the ground truth after 20 clicks, we consider the
system to have failed annotating this object. The FR20@85
measures this failure rate. Out of the two metrics we regard
the failure rate as slightly more important, since it captures a
form of inapplicability of the model.

B. Results

We are first going to look at the performance of our method
when being applied to the SAM model. For this, we use the
NoC20@85 and FR20@85 metric as a measure of performance.
The results for this setting can be seen in Table II. On both
metrics the best average result is achieved by click adaptation



TABLE III
THE RESULTS ON THE WSESEG DATASET FOR HQ-SAM. NOC MEANS THE NOC20@85 METRIC AND FR IS THE FR20@85, DESCRIBING THE NUMBER
OF OBJECTS THAT COULD NOT BE SEGMENTED AFTER 20 CLICKS. FOR BOTH METRICS, A SMALLER VALUE INDICATES A BETTER PERFORMANCE. AN

EXPLANATION OF THE CONFIGURATIONS CAN BE FOUND IN SECTION IV: CLICK ADAPTATION (CA) CAN EITHER BE CARRIED OUT WITH (R)ESETS OR
(C)ONTINUOUSLY. THE RESULTING MASK (RM) CAN EITHER BE USED (U)NTREATED, PRUNED WITH (E)ROSION OR CONFIDENCE THRESHOLDING (CT).

WE MAY ALSO USE ALL ACCUMULATED CLICKS AS A CLICK MASK (CM).

Configuration Bobsleigh Curl. Stone Ski Helmet Snow Kite Ski (Jump)
CA RM CM NoC FR NoC FR NoC FR NoC FR NoC FR

8.961 26.61 10.897 43.34 18.785 91.23 8.335 34.69 19.189 94.78
R E ✓ 5.219 8.55 8.531 27.67 14.208 53.51 8.363 34.34 18.926 91.16
R CT ✓ 8.040 21.61 11.171 44.86 18.443 88.30 8.618 35.94 19.155 94.38
R 6.961 11.29 4.802 12.61 9.088 27.49 7.738 31.32 17.394 79.72
C 7.276 14.03 4.583 12.31 8.873 26.46 8.118 33.27 16.578 74.70

E 6.284 12.42 9.627 36.22 18.864 91.81 8.192 34.07 19.442 96.18
CT 8.387 22.58 11.151 44.66 18.794 91.23 8.512 35.58 19.195 94.78

✓ 17.248 80.81 15.260 68.67 19.067 92.98 9.594 40.20 19.038 93.78
R ✓ 13.229 44.19 7.411 20.55 9.418 28.65 9.447 39.22 16.247 73.09
R U ✓ 5.918 10.81 9.072 28.38 14.361 54.09 8.038 33.81 19.062 92.97

Curl. Broom Ski Goggles Ski (Misc) Slalom Gate Poles Snowboards Average
NoC FR NoC FR NoC FR NoC FR NoC FR NoC FR

18.605 90.70 17.424 80.80 17.504 84.36 13.480 60.54 11.215 49.38 14.440 65.64
18.460 87.96 14.154 59.10 14.423 60.90 14.339 57.93 10.743 45.23 12.737 52.63
18.957 92.99 17.691 82.30 17.571 85.02 14.276 64.80 11.843 53.08 14.576 66.33
14.329 60.37 11.456 39.40 12.659 50.75 9.511 32.11 7.791 28.31 10.173 37.34
14.220 59.91 11.456 39.73 12.664 50.58 9.952 34.43 7.637 27.38 10.136 37.28
19.041 93.45 17.678 82.64 17.539 85.02 15.103 67.89 11.251 49.38 14.302 64.91
18.587 90.55 17.372 80.63 17.567 84.86 13.446 60.06 11.257 49.85 14.427 65.48
18.991 93.60 18.526 87.15 18.268 89.35 15.484 71.76 12.720 58.15 16.420 77.64
15.970 71.49 12.137 43.24 15.068 65.89 8.809 30.27 8.914 33.69 11.665 45.03
18.672 89.79 16.634 72.12 16.128 74.88 16.479 75.73 10.865 46.31 13.523 57.89

with resets, without using any form of dense mask. Here the
FR is reduced from 35.02 to 31.50 while the NoC is reduced
from 8.831 to 8.399. This is however not the case for all
classes: The lowest FR and NoC on the snowboards class is
achieved by a mixture of click adaptation with resets and using
the eroded result masks, which incurs a reduction of the FR
to 22.62 percentage points and the NoC to 6.522 clicks. On
the bobsleigh class we reach the lowest FR only using the
click mask. Pruning the result mask incurs an improvement
with both strategies. Using erosion reduces the failure rate by
0.99 percentage points while using confidence thresholding
reduces the FR by 1.38 percentage points. If we combine
these methods with the click mask and click adaptation with
resets, the FR is reduced even further by 3.02 percentage
points for erosion and 2.85 percentage points for confidence
thresholding.

We also test our method on a second type of model: HQ-
SAM, which is an slightly altered extension of SAM that
has been fine-tuned on the HQSeg-44K dataset. The authors
of [8], which proposed HQ-SAM, criticized the lack of fine
grained quality in the masks predicted by SAM. The results
obtained by HQ-SAM can be seen in Table III. The HQSeg-
44k dataset provides high-quality human-made annotations,
in contrast to SA-1B, in which the annotations have been
automatically generated. While this fine-tuning results in a
general improvement of mask quality, it also specializes the
architecture to a vastly smaller variety of data. This turns out
to be detrimental when applying the resulting model to new
domains, such as winter sports equipment. This can especially
be seen by the drastically increased average failure rate of

65.64 for HQ-SAM vs. 35.03 for SAM. Here, click adaptation
without resets incurs the biggest improvement, reducing the
failure rate from 65.64 to 37.28 on and the NoC from 14.440
to 10.136. For click adaptation with resets, the failure rate
is reduced to 37.34. On the class of bobsleighs we can see
a deviation from this trend, where the combination of click
adaptation with resets, using the click mask and the eroded
result mask reduces the failure rate from 26.61 to 8.55 and
the NoC from 8.961 to 5.219. We can observe a similar
behavior on the slalom gate pole class, where the best results
are achieved by a combination of the click mask with click
adaptation with resets. While there is no single best method
for all types of objects, we can reach notable improvements
employing adaptation methods on average.

VI. CONCLUSION

In this paper we presented a new dataset containing instance
segmentation masks on winter sports equipment of ten dif-
ferent classes. With the publication of this dataset we aim
at supporting research in the direction of applying computer
vision for sports analysis and human body part segmentation.
Since our dataset contains rare classes, it provides a viable
way of testing foundation models for interactive segmentation.
We test the performance of two foundation models, SAM
and HQ-SAM. In order to look at ways of improving the
user experience regarding such models, we also test various
methods to adapt said foundation models to the winter sports
domain during usage. Despite being conceptualized as foun-
dation models, their performance can be improved using test-
time adaptation methods.
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