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Abstract. RoboCup 2026 marks the introduction of the Humanoid Soc-
cer League (HSL), unifying the former Standard Platform League (SPL)
and Humanoid League (HL). Existing data from these former leagues
poorly covers the broader range of humanoid embodiments and view-
points of the HSL. We present HSLVision, an RGB-D object detection
dataset collected under HSL conditions, comprising 6,068 images and
65,309 annotations gathered across seven locations and events. Each
frame is paired with a pixel-aligned monocular depth map and anno-
tated for seven classes commonly used in autonomous play: Ball, Robot,
Goalpost, Penalty mark, and T-, L-, and X-intersection. Alongside the
data we define a reproducible benchmark with standardized splits and
evaluation metrics, and provide eight baseline detectors drawn from the
YOLO and DETR families. Baselines trained on HSLVision reach strong
in-domain performance and are further evaluated on a held-out compe-
tition venue not seen during training, establishing a reference point for
HSL perception research.
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1 Introduction

The Robot World Cup Initiative (RoboCup) is an international research compe-
tition aimed at advancing robotics, with the long-term goal of defeating the top
human soccer team by 2050 [9]. Starting in 2026, the Standard Platform League
(SPL), in which teams of identical NAO robots compete, and the Humanoid
League (HL), which allows varied humanoid embodiments, are unified into the
Humanoid Soccer League (HSL). The HSL is organized into three size-based
divisions: Small (<110 cm), Middle (<125 cm), and Large (<190 cm) [18,17].

This unification breaks assumptions that existing perception pipelines rely
on. SPL pipelines were tightly tuned to NAO-specific conditions: a consistent
body silhouette, fixed camera height, and known field-of-view geometry. HL
pipelines, while designed for varied embodiments, are largely based on older
platforms. The HSL combines embodiment diversity with new field sizes, so per-
ception has to be built against in-domain HSL data rather than borrowed from
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either predecessor league. In this paper we introduce HSLVision, the reference
object-detection dataset and benchmark for the HSL.

This paper makes two contributions:

– Dataset. HSLVision, the first public RGB-D detection dataset for the HSL:
6,068 images with paired depth maps and 65,309 annotations over seven
classes, spanning multiple venues and robot embodiments.

– Benchmark. Standardized splits, evaluation protocol, and eight YOLO-
and DETR-family baselines, reported in-domain and on a held-out compe-
tition venue.

2 Related work

In this section we elaborate on the existing datasets and vision pipelines within
the RoboCup.

2.1 Soccer perception in RoboCup

Research on perception for robot soccer spans ball detection, robot detection,
field localization, and higher-level scene understanding. Early SPL systems relied
on hand-crafted color and shape heuristics, but the 2016 switch from the orange
ball to a black-and-white patterned ball accelerated the adoption of CNN-based
detectors [12,13,2]. Subsequent work has focused on adapting lightweight archi-
tectures to the embedded-compute constraints of robot soccer. Yao et al. release
YOLO-LITE variants tuned for CPU-only inference on NAO-class hardware[21].
Robot detection has received comparatively less attention, but Poppinga and
Laue propose JET-Net, a compact full-image detector that runs in real time on
the NAO V5 and targets robot detection specifically [15].

2.2 Datasets and benchmarks in robot vision

Modern object detection was shaped by general-purpose benchmarks such as
PASCAL VOC [4] and COCO [11], however neither captures the visual condi-
tions of robot soccer. Within RoboCup, the SPL Object Detection Dataset V2
covers four SPL classes: Ball, Robot, Goalpost, and Penalty mark [21,22]. The
closest precedent to our work is TORSO-21 [1], which combines real-world and
Webots-simulated images from the HL with a smaller SPL subset. TORSO-21
demonstrates the value of multi-league benchmarking, but its images reflect older
HL platforms.

3 HSLVision

This section explains HSLVision, the dataset for the HSL. It explains the con-
tents of the dataset, preprocessing, annotation protocols, and it shows dataset
statistics.
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3.1 Design goals

HSLVision is designed around three goals. First, it should support the tran-
sition from SPL and HL to HSL conditions by providing annotated data that
reflects the visual variability of the new league, including variation in robot em-
bodiment, viewpoint, and scene structure across the Small, Middle, and Large
HSL divisions [18]. Second, it should cover the full set of visual entities that HSL
perception pipelines depend on: the ball and other robots drive ball-based play
and collision avoidance, while goalposts and field marks drive self-localization.
Accordingly, HSLVision annotates seven classes: Ball, Robot, Goalpost, Penalty
mark, T-intersection, L-intersection, and X-intersection. Third, it should enable
reproducible benchmarking by providing standardized splits, a consistent an-
notation policy, and clear evaluation protocols so that results are comparable
across methods and teams.

3.2 Data collection

Images in HSLVision were collected across six locations: LAB42 (whIRLwind),
German Open 2026 Cologne (whIRLwind), RCAP Beijing Masters 2025 (whIRL-
wind, HTWK), RoboCup 2025 Salvador (HTWK), RoboCup 2019 Sydney (Bit-
Bots), and RoboCup 2017 Nagoya (BitBots). In total, the dataset contains 6,068
images and 65,309 annotations. It includes a range of field layouts, goalpost
designs, ball sizes, and robot platforms. The robots in the dataset include the
Booster Robotics K1 and T1, as well as several non-standard KidSize humanoids.
The data recorded in LAB42 contains images under various natural lighting con-
ditions. The dataset includes data on the small, middle, and large field sizes, ac-
cording to the HSL rules [19]. Table 1 and Table 2 summarizes the key properties
of HSLVision.

In addition to this, we used 770 annotated images from the RCAP Abu
Dhabi 2025 competition to evaluate the performance on unseen locations.

Recording was carried out using Booster K1s, Booster T1s, and a custom
humanoid platform.

Table 1: Annotations per class.

Class name #Annotations

Ball 3,368
Goalpost 7,084
Robot 14,996
L-intersection 17,918
Penalty mark 3,820
T-intersection 13,117
X-intersection 5,006

Total 65,309

Table 2: Dataset breakdown by source.

Dataset #Images #Annotations

LAB42 1,337 16,441
RoboCup 2025 1,506 19,289
RCAP Beijing 2025 2,313 23,045
GO 2026 764 5,473
RoboCup 2019 120 788
RoboCup 2017 28 273

Total 6,068 65,309
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3.3 Data selection

As illustrated in Figure 1, raw footage was �rst subsampled at 3 fps. The resulting
images were then �ltered before annotation. Frames with excessive motion blur or
occlusion, corrupted images, and low-quality images were removed. After initial
�ltering, we remove visually similar frames. Fixed-rate video contains many near-
identical images, which waste annotation e�ort and bias training toward over-
represented viewpoints. These redundant frames are discarded before labeling.
Our approach is inspired by the TORSO-21 dataset [1], which removes similar
frames based on distances in a learned latent space. We follow the same idea by
embedding each image and discarding frames that are too close in embedding
space, but use a di�erent encoder and selection strategy. Instead of training
a dataset-speci�c VAE [8], we use a pretrained DINOv3 ViT-S/16 encoder [20]
and take the 384-dimensional pooler token as the image embedding. Embeddings
are L2-normalized so that cosine similarity re�ects distance. Given a similarity
threshold � , we iteratively remove the image with the largest number of above-
threshold neighbors until no remaining pair exceeds � , as illustrated in Figure 1
(bottom). This yields a diverse subset without depending on frame order. Using
a pretrained encoder avoids per-dataset training and provides a semantically
meaningful embedding, which is important for small scene-speci�c datasets.

Fig. 1: Overview of the data selection pipeline. Bottom: illustration of the
embedding-space pruning procedure, where points with many nearby neighbors
are iteratively removed, and the e�ect of varying � on the diversity of the se-
lected subset.
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3.4 Depth map

Some recording platforms, such as the Booster K1, provide onboard depth es-
timates using a stereo pipeline based on a D-Robotics stereo camera and the
Hobot StereoNet3 model. However, raw depth outputs are not available across
all recording platforms, as not all of them include a stereo camera setup. To
ensure uniform coverage, they are not included in the dataset.

Instead, every color frame is paired with a depth map estimated using DepthAny-
thingV3 [10], which predicts per-pixel metric depth from a single RGB image.
The resulting depth maps are aligned with the RGB images and share the same
pixel coordinates, so annotations can be applied directly to both modalities
without additional transformation. This is illustrated in Figure 2. Qualitatively,
DepthAnythingV3 produces noticeably smoother and more spatially consistent
depth maps than the Hobot StereoNet baseline. Object silhouettes such as the
ball in the �eld scene and the goalposts are preserved with sharp, well-localized
boundaries. Despite relying only on a single RGB input, the metric depth pre-
dicted by DepthAnythingV3 appears to be on par with, if not more accurate
than, the stereo baseline.

RGB Hobot StereoNet DepthAnythingV3

Fig. 2: Comparison of RGB input, Hobot StereoNet, and DepthAnythingV3 pre-
dictions across two scenes.

3.5 Annotation protocol

Annotations cover seven classes, grouped into objects (Ball, Robot, Goalpost)
and �eld marks (Penalty mark, T-intersection, L-intersection, X-intersection).

All instances are annotated with axis-aligned bounding boxes. For �eld marks,
the bounding box tightly encloses the mark or line intersection, with the inter-
section point at the center of the box. Field marks are labeled only when their
type can be determined from the image alone. Objects are annotated when at
least 25% of the object is visible. Figure 3 shows an example of a completely
3 https://github.com/D-Robotics/hobot_stereonet based on StereoNet [7]
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annotated image. Annotations were created using a custom pipeline built on the
CVAT [3] annotation tool.

Fig. 3: Example of fully annotated image from dataset, taken at the World Hu-
manoid Robot Games 2025 in Beijing (RCAP Beijing Masters 2025).

4 Benchmark

This section explains the �rst benchmarks applied to HSLVision, in the form
of four detector families at two size variants. We provide a standardized test set
that can be used for comparisons to future approaches.

4.1 Metrics

Detection performance is reported using standard COCO-style metrics [11]:
mean average precision (AP) at IoU threshold 0.5 (AP50), at 0.75 (AP75), and
averaged over IoU thresholds from 0.5 to 0.95 in steps of 0.05 (AP). Object-tier
and �eld mark-tier AP are reported both jointly and separately, since the AP
of the �eld marks is more sensitive to localization noise. We also report the AP
across three di�erent object scales (APS , APM , and APL ), following the COCO
evaluation protocol [11]. This breakdown is particularly relevant for �eld marks,
which predominantly fall into the small-object regime (AP S ).
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