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Abstract

We present a two-stage detection-and-refinement pipeline
for sub-metre soccer player localization in world coordi-
nates from broadcast 4K images. The first stage employs
a YOLO26x pose model operating at 1920 px resolution
on full 4K frames to produce player bounding boxes and
coarse ground-projected keypoint estimates. The second
stage extracts a padded crop around each detection and
applies a second YOLO26x pose model at 640 px crop
resolution to regress the ground-projected keypoint with
sub-pixel precision. To bridge pixel-space training and
metric-space evaluation, we derive a differentiable coor-
dinate transform—reversing letterbox scaling, crop offsets,
and perspective camera projection—and introduce a multi-
scale LoCSim loss that jointly penalises world-space error
at T € {0.25,0.50, 1.0} m. The loss is injected only into the
one-to-many detection branch, leaving the one-to-one infer-
ence head unaffected while directing gradients toward small,
hard-to-localise players. On the SpiideoSynLoc challenge
set our method achieves 94.05% mAP-LocSim at T=1 m and
98.90% at T=5m.

1. Method

1.1. Stage 1: Full-Resolution Player Detection and
Coarse Pose Estimation

Stage 1 processes the raw 4K image (3840 x 2160) using a
YOLO26x pose model [1] trained at imgsz=1920. Each
detected player is represented by a bounding box, a con-
fidence score, and two coarse keypoints: the pelvis point
(kpt 0) and its orthogonal projection onto the ground plane
(kpt1). These coarse kpt 1 predictions serve as fallbacks
when Stage 2 fails to fire.

1.2. Stage 2: Crop-Level Keypoint Refinement

For each Stage-1 detection we extract a crop around the
player bounding box with a=0.40 fractional padding:

pad = a - max(by,, by, ), (D

where b,,, by, are the bounding box width and height. An
additional 64-pixel border is added to the padded image be-
fore cropping to prevent out-of-bounds accesses near image
edges. The resulting crop is fed to a YOLO26x pose model
with kpt _shape=][1, 3], trained at imgsz=640 to regress
a single ground-projected keypoint (kpt 1). The crop coordi-
nate of the predicted keypoint perop, 1S then mapped back to
4K space:

ﬁ4K = ﬁcrop + (cIla Cyl)a (2)

where (cz1,¢y1) is the crop’s top-left corner in the (edge-
padded) 4K image. Both stages are trained on the Spi-
ideoSynLoc training set. Stage 1 is trained first with the
standard YOLO pose loss; the world-space LoCSim loss is
added after a warm-up period to sharpen the coarse kpt 1
estimates before Stage 2 training begins. Stage 2 is first
trained with the standard pose loss to obtain a strong key-
point baseline, then further fine-tuned with the world-space
loss described below.

1.3. World-Space LoCSim Loss

Coordinate transform. Training images for Stage 2 are
letterboxed to 640 x 640. Given crop dimensions (W, H..),
the letterbox scale and padding are
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where sy, is the letterbox scale factor and p,,, py, are the hor-

izontal and vertical pixel padding added during letterboxing.

A predicted pixel coordinate Zg4q is back-projected to 4K
via

5 Te40—Pw

c Sib ’ £4K = i‘c + Cxl, (4)

and then normalised for the camera projection function [2]:

Ty — (Wag —1)/2 = Uar — (Hax —1)/2
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where W4 =3840 and H 4 =2160 are the 4K frame dimen-
sions. The full transform 7 : (Z, ) — (X, Y )worla uses the
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per-image camera matrix and radial distortion polynomial
provided with the dataset [2], and is implemented as a dif-
ferentiable PyTorch operation so that gradients flow back to

ﬁ640~

Multi-scale LoCSim loss. The LoCSim score at threshold
7 for world-space error d m is

LS(d; 7) = exp(In(0.05) - d*/77). (6)

Rather than optimising at a single 7, we use a weighted
multi-scale combination

Lyorla =1— (0.2LS1.0 4+ 0.3LSo.5 + 0.5LS0.25), (7)

which provides a strong gradient for moderate errors
(~0.5 m) via 7=0.25 while still rewarding coarse improve-
ments via 7=1.0.

Adaptive sample weighting. Two complementary weights
are applied per sample. First, an error-margin weight

we = o((d = 61)/T), 1o =0.13m, T = 0.03m, (8)

where o is the sigmoid function, suppresses gradients for
already-accurate predictions (d < 0.13 m) and focuses train-
ing on the failure modes. Second, an area weight

Wy = min(1 /2000/Aorig, 4.0) 9)

upweights small players, where Aoig is the estimated player
bounding-box area in 4K pixels (inferred from the crop
size as Aoyig ~ (W,/1.8)(H./1.8)). Players with Ag,ig >
2500 px? are excluded from the world loss entirely; they
are already well-localised, and applying noisy world-space
gradients empirically degrades their accuracy.

Training protocol. YOLO26 employs dual detection
heads: a one-to-many branch used during training and a
one-to-one branch used at inference [1]. The world-space
loss is applied exclusively through the one-to-many branch,
ensuring the one-to-one inference head remains unaffected.
Each stage is trained for up to 50 epochs with early stopping.
The Stage 1 LoCSim warm-up uses Ultralytics default train-
ing hyperparameters. The world-space fine-tuning stage uses
Iro=2 x 10~* with cosine decay and all geometric augmenta-
tions disabled (crop offsets must be exact for the coordinate
transform in Eq. (4)—(5)); photometric augmentations (HSV
jitter) are retained.

2. Experiments

Dataset. We train and evaluate on SpiideoSynLoc [2], a
synthetic soccer dataset with full camera calibration per
frame. The training split contains 65 k frames with approxi-
mately 668 k annotated player instances; results are reported
on the validation, test, and challenge splits.

Evaluation metric. mAP-LocSim is COCO-style mean
average precision where the per-detection IoU is replaced
by the LoCSim score (Eq.(6)) at 7=1m, thresholded at
ten score levels from 0.50 to 0.95 (in steps of 0.05) and
integrated over recall [2].

Results. Table | reports the full set of competition metrics
across all three evaluation splits. The proposed method
achieves 94.34% mAP-LocSim at 7=1 m on the validation
set, 93.42% on the test set, and 94.05% on the challenge set,
demonstrating consistent performance across splits. At the
looser threshold 7=>5 m the system achieves at least 98.85%
mAP-LocSim on all three splits.

Table 1. Results on the SpiideoSynLoc validation, test, and chal-
lenge sets.

Val Test Challenge
Metric 1 Ts T1 Ts T1 T5

mAP-LocSim 94.34 98.94 93.42 98.85 94.05 98.90
Precision 98.98 99.07 98.29 98.47 98.67 98.82
Recall 97.00 98.00 97.00 98.00 97.00 98.00
F1 97.98 98.53 97.64 98.24 97.83 98.41
Frame Acc. 7539 79.12 75.97 80.70 75.92 80.49

Size analysis. Evaluating on the validation set by player
bounding-box area reveals that large players (>8k px?)
achieve 98.3% at LoCSim >0.95 (7=1 m), while small play-
ers (5002 k px2, the most populous group at ~45% of in-
stances) reach 86.2% at the same threshold. The world-space
loss and area weighting (Eq. (9)) provide the largest gains in
this small-player bucket, which dominates the overall mAP.
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