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DESIGNING A NEURAL NETWORK ARCHITECTURE TO ACCELERATE CAMERA
CALIBRATION IN SOCCER MATCH ANALYTICS

The article proposes a method to accelerate the camera calibration process in soccer match analytics while maintaining
acceptable accuracy. The study focuses on modifying the High-Resolution Network (HRNet) architecture to reduce computational
costs, making it suitable for real-time applications under limited hardware conditions. HRNet is a deep learning architecture known for
maintaining high-resolution feature representations throughout its layers, which is particularly valuable for dense prediction tasks like
keypoint detection and semantic segmentation. Unlike traditional models that downsample spatial information early, HRNet preserves
detailed spatial features by processing multiple resolutions in parallel and continuously exchanging information across them.

The proposed by authors approach builds on HRNet's strengths while improving its efficiency through applying three key
strategies: simplifying network structures, applying knowledge distillation to transfer information from larger models to smaller
ones, and adopting multi-task learning to handle keypoint and line detection within a single unified model.

The study evaluates several HRNet variants, including the standard simplified versions (W32, W18), as well as new
architectures developed by the authors: an ultra-compact version (W6) and a multi-task model. The analysis focuses on the trade-
off between speed and accuracy.. These models are trained and tested on the SoccerNet 2023 dataset, which offers a large and
diverse set of annotated soccer images from multiple camera viewpoints. The evaluation uses practical metrics that reflect both
calibration accuracy and completeness across varied match conditions.

Obtained results show that the developed W6 model achieves up to a 270% increase in processing speed compared to the
original HRNet, with only a moderate drop in performance (12%). Meanwhile, the proposed multi-task architecture delivers the
highest accuracy among the larger models trained for the same number of epochs, while also improving processing speed even in
the smaller variants. Based on the obtained results conclusion is made that these compact and multi-task architectures offer a
practical solution for fast, automated camera calibration in real-world sports analytics.

Keywords: : Camera calibration, Soccer analytics, Deep learning, HRNet, Knowledge distillation, Multi-task learning.

COPOKIBCBbKHIA OJIEKCAH/IP, TOTOBUY BOJIOIUMUP
Teproninecokuit Harionaneuuii TexHiunuilt YHiBepcHTeT

PO3POBKA APXITEKTYPHU IITYYHOI HEMPOHHOI MEPEXKI JIJIS1 3AJIAYI IPALIBUIILIEHHS
HPOLECY KAJIBPYBAHHA KAMEPHU B AHAJIITUII ®YTBOJbHUX MATYIB

YV cmammi 3anpononosano memoo npuckopenHs npoyecy KaniopyeanHa Kamepu 6 ananimuyi ¢ymoonbrux mamuie npu 30epexcenti
nputinamuoi moynocmi. Jlocnioxcenns 3ocepedcene Ha mooudikayii apximexmypu High-Resolution Network (HRNet) 3 memoio 3nuiceHH:A
HeoOXiOnux Ona nel 06YUCTIOB8ANLHUX UMPAM, WO pOOUMb iT NPUOAMHOIO 01 3ACMOCYBAHHSL 8 PEAlbHOMY YAcCi 8 YMOBAX 0OMENHCeHUX anapamHux
pecypcis. HRNet — ye modens enuboxozo naguanis, sika 30epieac yimi 300pajxcenis na 6cix emanax i 0o6pe nioxooums 07is1 3a0at, 0e GaANCTUBO
MOYHO 8U3HaYamu 0emanni, HanPuUKIAo, K408 Mouku abo ceemenmu Ha 300pasxcenni. Ha 6iominy 6i0 mpaouyitinux mooenel, Ki Ha paHHix emanax
3MeHUYIoms npocmoposy posdinrbuicms, HRNet 30epicac demanvhi npocmoposi 03rHaKu, 00pooiAoYU KilbKa PISHUX Mawmabie napaneisHo ma
NOCMITIHO 0OMIHIOIOYUCH THHOPMAYIEIO MidIC HUMU.

3anpononosanuii aemopamu nioxio 6aszyemoca Ha nepesacax HRNet i nokpawye i epekmugnicms 3a 00nOMO2010 3aCMOCYBAHH MPbOX
KIIOUOBUX CMpameziil: CRpOWeHHsi CIPYKNYPU Mepedici, 3dCmocy8ants OUCuisayii 3uans 0ns nepedadi ingopmayii 610 Ginvuux mooenei 00
KOMNAKMHIWUX, 4 MAKOIAC GUKOPUCAHHA 0A2AMO3A0AUHO20 HABYAHHA O 0OHOYACHO20 BUDIWUEHHS 3A0aY BUAGIEHHSA KIIOYOGUX MOYOK I NIHIll Y
Medrcax €OUHoi yHigpixoseanoi mooderi.

YV 0ocnioocenni oyintoromoca kinoka eapianmie HRNet, 30kpema cmandapmmui cnpoweni gepcii (W32, W18), a makodic Ho6i apximexmypu,
pospobeni asmopamu: naokomnaxmua (W6) i bacamoszadauna mooenv. Ananiz npogoOUmbCs 3 ypaxy8awHsaMm OANAHCY MIdC WUOKICMIO ma
mounicmro. Li modeni Haguaromvcs ma mecmyiomocsi Ha Habopi danux SoccerNet 2023, axuii micmumo 8eluKky mda pi3HOMAHIMHY KOJIEeKYito
anomosanux 300pasicenb GYymoOOIbHUX MAMUIE 3 pi3HUX parypcis. [ns oyinku GUKOPUCOGYIOMbC NPAKMUYHI MeMPUKU, Wo 8i000padicaomy AK
mounicms Kaniopysanns, max i 020 NOGHOMY 3a Pi3HUX YMO8 NPOBEOCHHS MAMUIE.

Ompumani pesyrbmamu noxkazyiomo, wo pospobrena mooenv W6 3abesneuye 0o 270% npupocny wieuokocmi oOpobKu nopigHaHo 3
opueinanvnoio HRNet npu nuwe nomipnomy 3nusicenni mounocmi (12%). Boonouac sanpononogana 6azamo3aoauna apximexmypa 0emoHcmpye
Haueuwy mouHicme ceped OLnbuwux Mooenell, SIKi HAGUANUC NPOMALOM MAKOI JiC KIIbKOCMI enox, a makoic 80100ic NiOBUEHOIO WEUOKICIIO
00poOKU HABIMb 3a YMOGU 3ACMOCY8anHs ii KomMnakmuux eapianmis. Ha ocnoei ompumanux pe3ynbmamie pooumvcsi UCHOB0K, WO Yi KOMNAKMHI
ma 6azamo3adaymi apximexmypu € npaKmudHuM pitueHHAM Ol WUOKO20 ABMOMAMU308aHO20 KaNiOpY8ans kamep.

Kniwouosi cnoea: xanibpysanns xamepu, pymbonvha ananimuka, emuboke naeuanmsi, HRNet, oucmunayis suamv, Oacamosadaune
HAGUAHHS.
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Introduction
The use of information technologies for addressing analytics tasks in the analysis of soccer matches makes it
possible to substantially simplify and accelerate the analytical process itself, while also improving sporting outcomes
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for individual players and teams. Thanks to the introduction of advanced technologies — particularly systems for tracking
the movements of players and the ball — it has become possible to generate datasets whose analysis yields valuable
insights into the dynamics of sporting competitions. Such technologies have fundamentally changed approaches to the
analysis of sporting events, enabling coaches to make more informed decisions [1, 2].

Today, deep learning and computer vision methods are widely used in sports analytics. With modern methods
and algorithms, researchers and sports managers can extract valuable information about gameplay directly from video
footage, without the need for invasive sensors attached to athletes’ bodies [3]. This approach offers several advantages,
including the ability to collect data on multiple athletes simultaneously and the potential for retrospective analysis of
matches that have already been played.

Camera calibration is a crucial stage in many computer vision tasks. It is the process of determining both the
internal and external parameters of a camera, which is necessary for accurately transforming 2D image data into
informative 3D representations of the sporting environment (the pitch) [4, 5]. In the context of soccer matches, camera
calibration enables the precise projection of a player from a video frame or photograph onto their actual location on the
field. This is important both for the individualized analysis of a player’s actions and for decision-making tasks such as
determining offside or verifying whether a goal has been scored [4, 6, 7, 8].

When solving the camera calibration problem, speed is critically important and depends primarily on available
computational resources. The ability to deliver rapid, near-real-time data processing is decisive for providing actionable
insights and supporting decision-making during matches and training sessions [9, 10, 11, 12], especially for sports clubs
and organizations with limited budgets — and thus limited computing power [13, 14].

This article proposes an approach that reduces the time required for camera calibration with varying degrees
of performance trade-offs. Our approach employs reduced and modified versions of well-known artificial neural
network architectures, including the use of knowledge distillation. We present several architectural variants that require
training only a single model to achieve competitive results.

Related works
Overview of existing solutions

Historically, early solutions to the camera calibration problem relied primarily on classical computer vision
algorithms, particularly those that extracted low-level features from images. While these approaches provided a
foundational basis, their effectiveness in the field is limited by external factors — uneven illumination, shadows, and
occlusion artifacts typical of sports broadcasts. In particular, the Scale-Invariant Feature Transform (SIFT) algorithm
[15] demonstrated strong robustness in detecting and matching keypoints under changes in camera viewpoint, which
proved useful, for example, for identifying intersections of field markings [16]. The Hough transform has also been
widely used, notably for detecting straight lines in image frames, enabling automated localization of soccer field lines
[17, 5]. However, the dependence on low-level visual features limits the adaptability of these methods to complex
conditions, motivating a shift toward more robust and semantically rich image-analysis models [18, 19, 5].

With the development of deep learning, a new era of camera calibration methods emerged, characterized by
more robust feature extraction and substantially higher accuracy. For example, [19] proposed a semantic segmentation
approach that assigns each image pixel to one of six categories: vertical lines, horizontal lines, side circles, the center
circle, grass, and stands with spectators. Such fine-grained pixel labeling provides a deeper and more coherent
understanding of the soccer field’s spatial layout compared with classical line and ellipse detection techniques. In [20],
traditional geometric annotation was extended by using the image centroids of players within the frame as control points
for calibration. Although this idea can improve the accuracy of perspective estimation, its practical implementation
requires careful alignment among multiple cameras to correctly project detected local player centroids onto the field
plane, complicating deployment when the number of cameras is limited.

Contemporary studies calibrating moving cameras employ deep neural networks (DNNs) capable of directly
estimating projection parameters. In [21], a DNN was trained to regress a homography parameterization directly from
a single input frame, thereby obtaining both intrinsic and extrinsic camera parameters within a single computational
module with minimal preprocessing. The study [22] introduced the multitask SFLNet architecture, in which a single
convolutional regressor predicts a metric field model as an eight-dimensional vector, performs semantic segmentation
of the frame into field, player, and background regions, and constructs an adjacency matrix of labels to encode the
mutual spatial arrangement of key scene points. Integrating these components in a single model yielded a substantial
increase in the accuracy of projection-parameter estimation.

In established approache such as TVCalib [23] and PnLCalib [24] — accuracy and reliability are typically
improved through iterative or multi-stage optimization, intensive keypoint and line detection, and extensive search in
geometric parameter space. Execution time, however, is rarely treated as a critical metric.

The approach proposed in this work achieves high processing speed while maintaining competitive accuracy,
thereby closing the gap created by methods focused exclusively on maximizing accuracy.

Established Approaches to the Camera Calibration Problem

This work builds on the methodology described in Falaleev et al. [25], Guti'errez P’erez et al. [26], and
Guti’errez P’erez and Agudo [24]. In the first stage, the soccer pitch is modelled using lines, circles, and semicircles
that reproduce the field markings and goal structure. Based on the known real-world positions of these lines, keypoints
are generated sequentially: first line—line intersections, then extended intersections and points of tangency to ellipses,
as well as additional control points to ensure a complete grid.
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Keypoint and line detection is performed using one or two encoder—decoder convolutional neural networks.
For each predefined point and line, heatmaps with Gaussian peaks are produced to indicate their locations, and an
additional contour channel is introduced to sharpen edges and silhouettes.

The camera parameters (intrinsic and extrinsic) are estimated using the standard full-perspective projection
model, where initial values are computed analytically without iterations, and subsequent nonlinear refinement is carried
out by maximizing a likelihood function based on correspondences between the model’s 3D field coordinates and their
2D projections. The plane-to-image homography is extracted from the camera projection matrix using DLT and
RANSAC applied to a subset of keypoints. As a result, a single pass over a full image frame simultaneously generates
predictions for the locations of keypoints and lines. Final calibration parameters are determined via a heuristic voting
mechanism that favors solutions with the smallest reprojection error.

In the original study, an integrated refinement module for points and lines was included to enhance calibration
accuracy and robustness. Within this module, information about lines and keypoints was used jointly, and camera
parameters were obtained by minimizing an appropriate error function in position—orientation space. In the present
work, this module is omitted due to its substantial impact on the algorithm’s runtime.

Results
Proposed Approach to Accelerating the Calibration Process

This work proposes an approach aimed at increasing the runtime efficiency of an artificial neural network
model while preserving the core principles of the original method.

Within the proposed framework, the High-Resolution Network (HRNet) is employed to compute the
homography matrix. HRNet is optimized by downsizing the model, introducing knowledge distillation, and adopting a
multitask architecture.

We analysed reduced variants of HRNet — particularly the “Small HRNet” — by decreasing the network’s depth
and width. This lowered the parameter count and computational demand [27]. In addition, we designed an even smaller
HRNet variant, which further accelerated inference.

During knowledge distillation, a compact student model was trained to imitate the behaviour of a teacher
model, enabling network compression with minimal loss in accuracy — an established practice for deploying deep
models under constrained compute [28]. Transferring knowledge from the original HRNet to the reduced version
preserved accuracy while increasing algorithmic speed.

To enable solving multiple tasks within a single architecture, we employ a multi-head network in which two
HRNets with distinct output heads are unified into a single structure with a shared backbone. This design simultaneously
predicts the locations of keypoints and lines. Multitask training fosters richer feature representations and improves
overall throughput, as it obviates the need to run separate models for each task. As shown in prior work, this approach
yields substantial resource savings compared with deploying separate networks per task [29].

Dataset

To train the calibration model, we use the SoccerNet 2023 dataset prepared for the SoccerNet 2023 challenge
[30]. It contains over 21,000 frames captured by multiple synchronized broadcast cameras in professional soccer
stadiums. Each frame includes semantic annotations of field markings (lines, penalty area, penalty spot, center circle)
and rigid 3D landmarks (goalposts), represented as ordered 2D polylines derived from known 3D coordinates.

For reliable triangulation of annotated keypoints across viewpoints, a multi-camera configuration — typically
3-5 cameras simultaneously were employed. This allowed the camera parameters to generalize across different viewing
angles and lens distortions. Moreover, the dataset’s scale and diversity of stadiums, camera placements, and capture
conditions exposed the model during training to a wide range of angles, zoom levels, and lighting, improving robustness
to the variability of real-world broadcasts.

Specifically, this dataset was selected for the following characteristics:

- Point-based semantic labels of key field elements were produced independently of any specific
camera parameters, enabling a unified representation that accommodates optical distortions and more complex
geometric models.

- Synchronized viewpoints were used to impose geometric constraints across cameras — particularly re-
projection consistency — providing additional accuracy control beyond single-view estimation.

- Annotations follow the ProCC protocol and cover both planar components of the field and non-planar
landmarks (e.g., goalposts), enabling use in high-precision tasks such as out-of-play detection and 3D reconstruction.

Training on this multi-view dataset with detailed annotations yielded models capable of predicting camera
parameters that accurately map the field’s 3D geometry onto images captured by varied camera types and configurations
[30].

Metrics

The Jaccard Index (J aCy) is used in this work to assess camera-calibration accuracy by comparing the
projections of soccer field-marking segments with their annotations. Let s be the polyline obtained by projecting a field
segment from the 3D model, and let § be the corresponding annotated polyline. Then the segment s is considered a true
positive if, for all points p € s,

mind (p,q) <, (1)

where d(:,-) is the Euclidean distance in pixels, y is the pixel error threshold, and q is a point on the annotated
polyline §, which serves as the reference projection. If no point satisfies this condition, the segment is counted as a false
positive; segments present in the annotations but absent from the projections are counted as false negatives.
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The Jaccard Index for threshold y is defined as

JaC P 2
1T TP, +FP+ PN @)

where TP, is the number of true-positive segments under threshold y, FP is the number of false positives, and
FN is the number of false negatives [30].

Solution completeness is evaluated via the completeness rate (CR), defined as the ratio of images for which
camera parameters are successfully produced to the number of images containing at least four annotated field lines.

The final score (FS) is computed as the product of completeness and the Jaccard Index at y = 5:

FS = CR X JaCs. 3)

This metric integrates accuracy and coverage of the camera (or homography) estimate, emphasizing that high

accuracy (JaC) has limited value without sufficient coverage (CR).
Baseline Artificial Neural Network Architectures

. . . i d
Given the authors’ constraints on computational resources, we selected the models W,5* and W,y" as

baselines, where the superscripts (orig) and (dyn) denote the original and dynamic versions of the model, respectively,
and the number 48 indicates the model size.

The W, model was adopted from [24] without the final refinement module, since its use substantially slows
processing. The architecture comprises two subnetworks: a keypoint-detection subnetwork trained for 200 epochs, and
a line-recovery subnetwork trained for 100 epochs. Training time was assessed on an RTX 5090 GPU. On average, one
training epoch for the keypoint subnetwork took about 25 minutes, while one epoch for the line subnetwork took about
100 minutes [24].

The Wfsyn model was trained on the same data as W:;; , but with substantially fewer epochs: 29 epochs for the
keypoint subnetwork and 22 epochs for the line subnetwork. This strategy enables an objective assessment of the
proposed solution’s performance dynamics relative to the most accurate approach, since fully training all experiments
is highly resource intensive.

Thus, the chosen baseline models establish a starting point for subsequent comparisons in speed and accuracy.
All performance measurements were conducted under identical hardware conditions: an NVIDIA RTX 4070 GPU and
an Intel Core 19-14900K CPU.

The study results are presented in the tables 1 and 2.

Search for an Optimal Architecture
HRNet w48 Model

The HRNet w48 model, used in prior studies [24, 25], is the second-largest among the architectures considered
and contains 77.5 million parameters. In the multi-view (MV) dataset setting without the PnL module, adopted from
[24], the average frame-processing speed was measured at 8.56 FPS, which is insufficient for real-time applications. At

rig

the same time, the HRNet family includes lighter variants with fewer parameters. The FS metric for I/I/:;)Srig without the

PnL module is 0.581, whereas for W,o" it is 0.492.
The w48 model architecture is shown in Figure 1.

Stagel 43 Stage 2 Stage 3 Stage 4

Channels

Channels

High
A . Feature Maps Channels
g i
s —— Convolution /
g Down Sampling Ch;ﬁﬁels 4 ‘
Low | .~ Up Sampling s6a
Channels

Fig.1. W,g model architecture

The W,g architecture consists of four sequential processing stages. In the first stage, the input image is
transformed through a series of convolutional blocks into a 48-channel representation. In the subsequent stages (2—4),
three parallel branches are employed with progressively reduced spatial resolution and increased channel counts: 98,
192, and 384 channels, respectively.

Feature exchange among these branches is performed via multi-branch down and up-sampling operations.
Finally, features are aggregated, and the spatial resolution is gradually restored, producing output heatmaps for
keypoints on the soccer field.
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Application of Established Compact Architectures
In [31], the W,g models are presented alongside their simplified variants. From these, we selected the W5, and
Wig sman architectures (hereafter W,g) for further study as the medium-size and smallest models, respectively. The
simplification of these networks consists in reducing the number of blocks in the lower stages that process downsampled
inputs, which substantially decreases the number of connections and model parameters.
The W3, architecture was trained for 22 epochs for the keypoint-detection task and 28 epochs for the line

model, with a batch size of 4. Compared with W%, the FS metric decreased by 0.097, while relative to W,s" — which
was trained for approximately the same amount of time — the drop was only 0.008. The frame-processing speed increased
by 4 FPS, reaching 12.5 FPS. This corresponds to a 150\% throughput gain, with less than a 1\% accuracy loss relative
to W,2™ and about 10\% relative to W,a <.

The W, g architecture, which contains three times fewer parameters than W;, and six times fewer than W,g,
delivered nearly double the frame-processing speed compared with W,g, reaching 18 FPS. This is 10 FPS higher than
the original W, (8.56 FPS) and 5.5 FPS higher than W5, . At the same time, accuracy decreased by 0.1 (10\%) compared

with W,r'® and by 0.01 (1\%) compared with W,¢". Training for this architecture was conducted over 22 epochs for the

keypoint model and 16 epochs for the line model.
The results obtained are presented in Tables 1 and 2 for the W5, and W, g models.

Design of the W Architecture
To further optimize computational-resource usage, we propose the Wy model, in which each processing stage contains
a single block with increasing channel sizes: 6, 12, 24, and 48 at the final stage. The model architecture is shown in
Figure 2. Here blocks from the original W,g that are omitted in Wy are highlighted in gray.Training was conducted for
72 epochs for the keypoint-detection task and 17 epochs for the line model.

Stagel Stage 2 Stage 3

Channels

_ BRRRNE S

/ : N
: A
Channels L
Highl mn | 12
. Channels
Feature Maps

[\ Inactive
.| | Feature Maps

-

uonnjosay

Channels
Low === Convolution

Down Sampling Channels

_~" Up Sampling

Fig. 2. Architecture of W¢ model

The Wy architecture preserves the four-stage image-processing scheme with multi-branch downsampling and
corresponding upsampling. However, instead of the channel sequence 48 — 98 — 192 — 384, it uses a compact
sequence 6 — 12 — 24 — 48, which substantially reduces computational load.

Compared with the dynamic variant W;;yn, the proposed model achieved FS = 0.455 (a decrease of 0.037)
with an average throughput of 22.973 FPS, which exceeds the baseline by 14.396 FPS. Relative to the original

architecture m‘;ﬁg, accuracy decreased by 0.126 (12.6%), while processing speed increased by 14.413 FPS to $22.973%

FPS (a 270% improvement).

These results indicate nearly a threefold increase in frame-processing speed compared with W,;*, with a
moderate decrease in accuracy. The W, model appears promising for applications with strict real-time requirements in
soccer analytics.

The obtained results are listed as W in Tables 1 and 2.

Knowledge Distillation

To reduce the computational load of high-accuracy networks such as HRNet, we employ knowledge distillation
[32]. In this paradigm, a more powerful teacher model imparts its expertise to a compact student model with minimal
loss of accuracy. Within the HRNet framework, this approach preserves the multi-resolution, high-quality feature maps
characteristic of the original architecture while simultaneously reducing parameter count and inference time [31].

We applied knowledge distillation to the W, g and W, architectures, selecting W;g'g as the teacher due to its
superior accuracy. The models were trained for an average of 35 epochs. For W, accuracy decreased from 0.455 to

0.422 FS. In contrast, W, 4 improved from 0.480 to 0.488, exceeding W&y“ by 0.006 FS and narrowing its gap to l/l/::;rig
from 0.10 to 0.083.
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The corresponding results are reported as WP and WXP in Tables 1 and 2.
Combined Resulting Architecture

This work adopts a multi-task learning (MTL) approach, which enables training a single model to solve several
related tasks simultaneously, fostering a shared data representation and improving the model’s capacity to generalize.

In computer vision, this idea is typically implemented with an architecture that has a single backbone
augmented with separate heads for each task. This design encourages the model to learn features that are jointly useful
across tasks, reducing computational cost and increasing robustness to noise and limited data. For example, [29]
successfully applied this approach to frames from a soccer match recording, where the model performed player re-

identification, team-affiliation recognition, and role classification.
Here, we address two closely related subtasks—keypoint detection and line estimation. Because these tasks
require similar internal representations, we employ a shared backbone with two heads: one for keypoints and one for lines.
For the MTL system, we evaluate two backbone variants — W, g and W,4. Results for different configurations

are as follows:

- W,g: trained for 40 epochs. Throughput increased by 3 FPS with only a 0.08 FS (8%) decrease relative to

WSS, and a slight FS gain (+0.008, <1%) over W™,

48 >

- Wyg trained for 52 epochs. The final FS reached 0.484—less than 1% below W,2" and 10% below W€,
Throughput rose to 21 FPS (+12.5 FPS), making it comparable to the more compact Wz model.

These outcomes achieve a favourable balance between accuracy and speed: depending on the chosen
backbone, the model delivers either maximum accuracy (W,g) or high throughput and compactness (W g).

The corresponding results are reported in Tables 1 and 2 as W4Tt and WETE,

Table 1

Comparative table of experimental metrics relative to the Wzn model. KD — knowledge distillation; MTL — a
model with a shared backbone and separate heads for each task.

Architecture FS FPS Epochs (KP, Lines)
m‘éyn 0.492 8.577 (29,22)
WHTL 0.500 (+0.0087) 11.292 (+2.7151) 40

Ws, 0.484 (-0.008)) 12.505 (+3.9281) (22,28)
Wig 0.480 (-0.012)) 17.746 (+9.1691) (22, 16)
WHTL 0.484 (0.008)) 21.118 (+12.5411) 52
WP 0.498 (+0.0061) 18.474 (+9.8971) (37, 40)

We 0.455 (-0.037)) 22.973 (+14.3961) (72, 17)
wxp 0.422 (-0.070)) 23.317 (+14.7401) (33,23)

Table 2

Comparative table of experimental metrics relative to the ng model. KD — knowledge distillation; MTL —
a model with a shared backbone and separate heads for each task.

Architecture FS FPS Epochs (KP, Lines)
m"sﬁg 0.581 8.560 (200, 100)
WHTL 0.500 (-0.081)) 11.292 (+2.7321) 40

Wi, 0.484 (-0.097)) 12.505 (+3.9457) (22, 28)
Wig 0.480 (-0.101)) 17.746 (+9.1867) (22, 16)
wiTL 0.484 (-0.097]) 21.118 (+12.5581) 52
WEP 0.498 (-0.083 ) 18.474 (+9.9141) (37, 40)

Wy 0.455 (-0.126)) 22.973 (+14.4137) (72, 17)
wxp 0.422 (-0.159)) 23.317 (+14.757%) (33,23)

Conclusions

This work focused on the runtime of the camera-calibration process and demonstrated that compact variants
of HRNet can operate in real time with no substantial loss of accuracy.

Specifically, the W architecture achieves roughly 23 FPS versus 8.6 FPS for the original ngg, with FS
scores of 0.455 and 0.581, respectively. The W4 variant reaches 21.1 FPS with an FS of 0.484. Using knowledge
distillation, the WP variant improves to FS 0.498 at 18.5 FPS, whereas the ultra-compact WXP shows a decrease to

FS 0.422.

Relative to the partially fine-tuned dynamic model W;;yn (a fairer comparator, since not all variants were
fully retrained), the lighter W™ and W, architectures deliver comparable or slightly lower FS values while offering

substantially higher throughput, whereas ngg remains the upper bound on accuracy.

Overall, the proposed family of neural-network architectures enables selection of an optimal trade-off
between accuracy and speed for camera calibration, subject to specific hardware constraints in soccer analytics.
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