
An End-to-End Pipeline for Virtual Banner Replacement in Football Broadcasts

Victor Gaspar1∗, Anthony Cioppa1∗, Jan Held1,2, Silvio Giancola2, Marc Braham1, Adrien Deliège1,
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Abstract

Augmented reality has been used in sports broadcast-
ing since the 1990s to enhance viewer engagement through
virtual overlays. A key application is virtual advertis-
ing, which replaces physical advertisement banners with
dynamic digital content, enabling targeted and region-
specific advertisements. This technology optimizes adver-
tising space and increases monetization opportunities for
broadcasters. However, traditional augmented reality so-
lutions require specialized hardware, such as instrumented
cameras and virtual-ready LED panels, along with man-
ual calibration and prior environmental knowledge. These
constraints make its implementation costly and less adapta-
tive. In this work, we propose a first fully automated end-
to-end pipeline that seamlessly integrates augmented real-
ity advertising into sports broadcasts using only the main
camera feed. Our approach leverages state-of-the-art deep
neural networks to identify the advertisement banner, es-
timate camera motion, and dynamically composite virtual
content without additional hardware or manual interven-
tion. We validate our pipeline on football broadcasts using
our novel SoccerNet-banner dataset, the first dataset for
training and evaluating banner segmentation models, and
demonstrate high-quality virtual banner replacement on
SoccerNet videos. Therefore, our pipeline unlocks new pos-
sibilities for personalized content and advances AI-powered
sports broadcasting by eliminating hardware dependencies
and manual calibration. Our code and dataset are avail-
able at https://github.com/SoccerNet/sn-
banner.

1. Introduction

Advertising in sports broadcasts represents a significant
revenue stream [4], particularly in popular sports such as
football or basketball. Traditional advertising methods, like
physical banners and billboards, have long been employed
to capitalize on viewer engagement. However, these ap-
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Figure 1. Steps of banner replacement. We propose an end-
to-end pipeline for banner replacement which includes the steps
of banner segmentation, camera calibration for re-projection, and
composition of a virtual blended content on the banner.

proaches have inherent limitations, including static place-
ment, potential geographical irrelevance, and logistical con-
straints. Augmented reality-based virtual ads have emerged
as a solution, enabling dynamic and region-specific ad-
vertisements that adapt to different markets. These tech-
niques allow broadcasters to overlay existing physical ad-
vertising panels on the field with virtual advertisements tar-
geted to specific broadcast regions. For example, adver-
tisements can be translated into any language, leading to
greater relevance and engagement. Today’s virtual adver-
tising solutions leverage advancements in computer vision,
real-time camera calibration, and chroma-keying technol-
ogy to achieve integration [57, 66, 67]. Chroma keying al-
lows a specified color range in the footage to become trans-
parent, enabling the superimposition of virtual content over
the affected area.

However, these systems come with notable limitations.
Chroma keying, for instance, is highly sensitive to lighting
conditions, requiring careful planning and preparation be-
fore each game to account for weather conditions, camera
angles, the stadium’s 3D model, and even players’ jersey
colors [70, 72, 73]. Another challenge is that they cannot
rely solely on the raw camera feed. Even software-driven
solutions, which minimize the need for additional hardware,
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still require precise camera calibration to ensure proper
alignment and occlusion handling [67]. This calibration
process must be repeated for each broadcast setup, making
the deployment of virtual advertising solutions much more
demanding than traditional static banners.

This paper introduces the first automatic end-to-end
pipeline for seamlessly superimposing new content onto dy-
namically changing advertisement banners in football game
videos, relying solely on the main camera feed; the steps
of our new pipeline are illustrated in Fig. 1. We begin by
segmenting the advertisement banner using semantic seg-
mentation models, trained and evaluated on our new Soccer-
Banner dataset, part of which will be publicly released. We
also estimate and track the camera’s position and orienta-
tion using the known dimensions of the soccer field as a
reference for calibration. To refine the camera parameters,
we propose a three-filter process: the first estimates miss-
ing camera parameters, the second removes outliers, and the
third smoothens the parameters to enhance temporal consis-
tency and attenuate high frequencies. Then, we propose a
new 3D model to determine the billboards’ positions and
orientations, allowing the system to adapt to varying sta-
dium layouts. Finally, the extracted data is integrated with
compositing tools to overlay new content naturally onto the
segmented banners, with an adaptive positioning method
and a blending algorithm. Compared to existing methods,
our pipeline only requires three inputs: the broadcast video,
the image for the new advertisement, and the speed at which
the new content moves along the billboards. Our experi-
ments illustrate the effectiveness of our pipeline, paving the
way for customizable advertising solutions.
Contributions. We summarize our contributions as fol-
lows: (i) We introduce the first automatic end-to-end
pipeline for virtual banner replacement in football broadcast
videos, integrating banner segmentation, camera calibra-
tion, and compositing. Our approach achieves high-quality
virtual replacements, as demonstrated by compelling quali-
tative results on test videos. (ii) We publicly release the first
dedicated banner segmentation dataset, enabling the train-
ing and benchmarking of banner segmentation models. (iii)
We enhance the current state-of-the-art camera calibration
method by incorporating temporal smoothing and introduc-
ing a novel 3D banner model, leading to improved quanti-
tative performance and visually superior results.

2. Related work
Sports video understanding. Sports have always capti-
vated audiences worldwide, and similarly, the automatic un-
derstanding of sports videos has garnered increasing atten-
tion in the research community [26]. This growing inter-
est has been driven by the availability of football-centric
large-scale annotated datasets [8,13,15,19,20,28,29,45,58]
and the recent advances in deep learning for general video

understanding. Over the past years, a wide range of tasks
were tackled, including player segmentation, detection, and
tracking [11,12,51,52,60,65,69], summarizing games [27,
53], player re-identification [52, 64], action spotting in
untrimmed videos [5,9,10,30,31,40,61–63,74], pass predic-
tion and feasibility [3,39], camera calibration [48–50], foul
recognition [34–37], or dense video captioning for football
broadcasts commentaries [2, 55]. In this work, we lever-
age sports understanding tool for content generation, by in-
troducing the first pipeline for virtual banner replacement,
enabling personalized advertisement placement.

Augmented reality (AR) in sports. Augmented reality
has been enhancing sports viewing experiences since the
1990s [70]. An early example is the 1st & Ten system [71],
which virtually inserts a yellow first-down line at fixed coor-
dinates onto the field during live American football broad-
casts. Recent advancements in deep learning have signif-
icantly improved AR’s capabilities and realism in sports
broadcasting [42, 47]. For example, Rematas et al. [59]
leverage monocular depth estimation to watch the game on
a tabletop with AR glasses. Nowadays, novel-view synthe-
sis methods [38, 43, 54] enable the generation of new, pre-
viously inaccessible viewpoints. Lewin et al. [46] demon-
strated the effectiveness of these techniques in synthesiz-
ing dynamic, immersive football scenes. Beyond football,
AR has also been utilized in basketball for real-time player
analytics [25] or in Formula 1 for enhanced broadcasting
through immersive replays, driver performance analytics,
and interactive AR storytelling [16, 41]. Complementing
these advancements, our work extends AR into the domain
of virtual advertising, providing broadcasters the capability
to dynamically replace physical advertising panels on the
field with virtual advertisements.

Localizing elements in sports broadcasts. Accurately
localizing elements in sports broadcasts, such as play-
ers [11, 12], ball position [68], and camera positions [49],
is fundamental for applications like game analysis and aug-
mented reality overlays. In the context of camera calibra-
tion, sports field markings serve as essential geometric ref-
erences. Methods such as field line detection using Hough
transforms provide a reliable approach to extracting these
features [1,21,24]. To further enhance camera tracking and
localization, state-of-the-art methods [22, 23, 32, 33, 48] in-
tegrate high-level semantic analysis of sports field mark-
ings with broadcast camera modeling, developing a track-
ing system that achieves impressive performances on the
SoccerNet-GSR dataset [65]. In this work, we leverage re-
cent advancements in camera calibration and improve their
temporal consistency with low-level signal processing tech-
niques, and train the transformer-based segmentation model
Mask2Former [7] on our new SoccerNet-Banner dataset to
accurately determine the position and movement of physical
banners.



Figure 2. Overview of our end-to-end pipeline for virtual banner replacement in football broadcast videos. Our pipeline consists of
three main components: (1) Banner segmentation, where Mask2Former segments the banner region, followed by a post-processing step
to refine the segmentation map; (2) Camera calibration where No-Bells-Just-Whistles (NBJW) estimates the camera parameters, further
refined through multi-stage filtering; and (3) Compositing where the new virtual banner is seamlessly integrated into the scene based on
the extracted segmentation mask and calibrated camera parameters leveraging a 3D banner model and image correction techniques.

3. Methodology
This section presents our end-to-end pipeline for virtual

banner replacement in football broadcasts. Our pipeline is
designed to function solely from the camera feed, eliminat-
ing the need for additional hardware or manual interven-
tion. It consists of three main modules: (1) segmentation of
perimeter banners, (2) camera calibration for spatial align-
ment, and (3) virtual banner compositing for seamless inte-
gration. An overview of our pipeline is illustrated in Fig. 2.

3.1. Problem formulation

Given a football broadcast video sequence V = {It}Tt=1,
where each frame It has dimensions (H,W, 3), the objec-
tive is to replace the perimeter banners dynamically while
maintaining visual and temporal consistency. The output is
a modified sequence V̂ where perimeter banners are sub-
stituted with virtual advertisements seamlessly blended into
the broadcast. This task presents multiple challenges, in-
cluding non-uniform banner dimensions, occlusions from
players, dynamic camera motion, and variations in lighting
conditions. Additionally, LED-based banners introduce ar-
tifacts that further complicate segmentation and alignment.

3.2. Banner segmentation

Semantic segmentation assigns a class label to each pixel
in the image, allowing to extract the precise regions oc-
cupied by the banners. To accurately localize the perime-
ter banners in each frame, we employ state-of-the-art se-
mantic segmentation models. Particularly, we employ the
Mask2Former [7] model, a transformer-based segmentation
model trained on our SoccerNet-Banner dataset (see Sec-
tion 4), to classify each pixel as either in one of four classes.
This model processes individual frames and generates a 4
binary mask Mt ∈ {0, 1}H×W×4, delineating the banners.

Despite the accuracy of deep learning models, incorrect
classifications occur in some frames, particularly when non-

Figure 3. Illustration of our banner segmentation. Non-banner
regions (in red) might be incorrectly segmented, but our post-
processing step filters them out.

banner regions such as stadium LED panels or crowd ar-
eas share similar colors or textures with banners. To miti-
gate this, we apply a filtering step that enforces geometric
constraints based on expected banner placement. The seg-
mentation map is analyzed using an 8-connectivity grid to
extract connected components. Only the largest detected
region near the field boundary is retained, leveraging the
assumption that the perimeter banner extends across the
entire camera view. We further segment objects that oc-
clude the banner to prevent erroneous banner segmentation.
This post-processing step significantly improves segmenta-
tion robustness, as depicted in Fig. 3.

3.3. Camera calibration and registration

On top of segmenting the perimeter banners, we esti-
mate the camera parameters required to align virtual adver-
tisements with real-world positions. Since perimeter ban-
ner dimensions are not standardized across stadiums, we
use the football field as a calibration reference, leveraging
its known geometry. Following the No-Bells-Just-Whistles
(NBJW) method [32], keypoints such as penalty box cor-
ners and midfield lines are detected and matched with their
corresponding locations in a canonical field model. Using
these correspondences, we estimate the homography matrix
Ht ∈ R3×3 via RANSAC to robustly align field features.

However, estimating an homography frame-by-frame is
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Figure 4. Camera parameter refinement. Example evolution of
the camera horizontal Euler angle (pan) about the upright Z-axis
in video 129 of the SoccerNet-GSR dataset before (blue) and after
(orange) applying our three filters.

sensitive to noise and prone to temporal inconsistencies. To
improve stability, we refine the estimated camera parame-
ters using a low-level signal processing filtering framework
that enforces temporal consistency. First, missing camera
parameters in frames where registration fails are interpo-
lated using adjacent frames. Next, a median filtering step
detects and removes outlier estimates by evaluating devia-
tions across consecutive frames. Finally, a Savitzky-Golay
filter is applied to smooth parameter variations while pre-
serving sharp transitions due to intentional camera move-
ments. This filtering process enhances the temporal stabil-
ity of the estimated camera parameters, mitigating flicker-
ing artifacts in virtual banner placement, as shown in Fig. 4.

3.4. Virtual banner compositing

With the segmentation masks and camera parameters es-
timated, virtual advertisements are projected onto the de-
tected perimeter banners. A general banner model is con-
structed by defining three connected rectangular regions,
aligned with the field sidelines and constrained to be level
with the ground at Z = 0. The position and orientation of
these rectangles are determined based on the detected ban-
ner boundaries and calibrated camera parameters. The ban-
ner height is estimated using reference world points and a
scale factor computed as:

Zt = Zr
yb − yt
yb − yr

, (1)

where Zr is a reference height, and yb, yt correspond to the
bottom and top image coordinates of the detected banner.

To compensate for imperfections in segmentation and
calibration, polynomial regression is applied per frame to
approximate the physical curvature of the banner, reducing
distortions introduced by lens effects. The virtual advertise-
ment is then warped using the estimated homography and
blended into the scene. To ensure seamless integration, the
composited advertisement undergoes a multistep refinement
process that includes HSV-based color adaptation to match

Figure 5. Compositing results. Original image (left) and final
composited result after Gaussian blurring (right).

real-world lighting conditions, antialiasing through upscal-
ing and downscaling, Gaussian blurring to smooth transi-
tions, and masking to restrict overlay to detected banner
regions. These steps ensure that the final virtual advertise-
ment is indistinguishable from real-world perimeter banners
while maintaining correct perspective alignment within the
broadcast scene, as shown in Fig. 5.

4. SoccerNet-banner dataset
We introduce SoccerNet-Banner, a novel image dataset

of banner segmentation in football broadcasts. It consists of
2,960 Full HD (1920×1080 pixels) RGB images with man-
ually annotated semantic segmentation maps. The images
are extracted from the SoccerNet Game State Reconstruc-
tion dataset [65] and follow the same split. Particularly, the
train, validation, and test splits may include images from
the same stadium but never from the same match, reflecting
a real-world scenario where a deployed system may have
been trained on past matches within a stadium but not on fu-
ture ones. Each annotation is a single-channel Full HD im-
age where each pixel is assigned to one of four classes: (1)
the area outside the advertisement banner, (2) visible adver-
tisement banner regions, (3) goal nets, and (4) occlusions in
front of the banner, including for instance field players and
referees. Although the goal net allows partial visibility of
the billboard behind it, we treat it as a non-occlusion class
and preserve this distinction for future improvements. The
annotation campaign lasted 2 months and required pixel-
level accuracy. Hence, no semi-automated tools were used.

We propose SoccerNet-Banner in two versions: a pub-
lic one, openly accessible to any researcher, and a private
one, with segregated annotation for a future challenge. The
public version, is a subset of the private dataset, containing
100 images per split (train, validation, and test), making it a
lightweight reproducible benchmark for segmentation mod-
els. The private dataset comprises the full 2,960-image col-
lection and is used for training and evaluation in this paper.
Let us note that we will publicly release the checkpoints of
all models, including those trained on private dataset.

5. Experiments
In this section, we conduct a comprehensive evaluation

of our pipeline. First, we present the experimental settings.



Second, we quantitatively assess each module individually
and provide some ablation studies. Third, we showcase
qualitative results of the full pipeline. Finally, we discuss
the limitations of our approach and outline potential direc-
tions for future improvements. Videos are provided in sup-
plementary material, alongside the code for reproducibility.

5.1. Experimental settings

Banner segmentation settings. All banner segmentation
models are sourced from the open-source project MMSeg-
mentation1 [17] from OpenMMLab2 as it provides con-
venient high-level APIs and enough modularity to con-
figure, train, test, and deploy models easily. On top of
Mask2Former [7], we also experiment with alterative seg-
mentation models, including DDRNet [56], PointRend [44],
and SegFormer [75]. Those models were selected based on
their state-of-the-art mean Intersection over Union (mIoU)
score on the Cityscapes dataset [18]. All models are fine-
tuned on either our public or private SoccerNet-Banner
dataset from a pre-trained ImageNet backbone on a single
Tesla V100 GPU for 40,000 iterations using the SGD opti-
mizer with a momentum of 0.9, a weight decay of 5×10−4,
an initial learning rate of 10−2, a polynomial decay sched-
uler with a power of 0.9, an end learning rate of 10−4, and
a warmup of 500 iterations. The batch size is set to 1 for
all models with accumulated gradients for two iterations
to account for GPU memory limitations. Data augmenta-
tion is applied during training by random cropping and hor-
izontally flipping. During training, models are evaluated
on the validation set every 135 iterations to control over-
fitting. During inference, Test-Time Augmentation (TTA)
from OpenMMLab3 applies transformations such as flip-
ping and scaling to the input image, generating multiple
augmented versions, and merges the predictions. Finally,
the results are presented on our public and private test sets,
and evaluated using the Boundary IoU [6], mBIoUd, at dif-
ferent distances d. For small d, the score provides informa-
tion about the performance near the mask boundaries, i.e.
its effectiveness in precisely retrieving object boundaries,
and for greater distances d, about its global performance to
segment all “objects”.
Camera calibration settings. We use the publicly
available state-of-the-art method No-Bells-Just-Whistles
(NBJW) [32], with a condition added to use homography
estimation instead of 3D camera calibration if the overall
root-mean-square re-projection error is higher than 10.0 and
if the homography estimation error is lower than the 3D
camera calibration error. The model is trained model on the
SoccerNet-GSR dataset [65], with the same hyperparame-

1https://github.com/open-mmlab/mmsegmentation
2https://openmmlab.com/
3https : / / mmengine . readthedocs . io / en / latest /

advanced_tutorials/test_time_augmentation.html

ters [14]. Our three temporal filters have only three param-
eters: the median, Savitzky-Golay filter window lengths,
and the polynomial degree. To optimize the filter param-
eters, we perform a grid search on SoccerNet-GSR [65] and
find that values of window lengths of 13 and 23 frames
for the median and Savitzky-Golay filters, with a polyno-
mial degree of 2. To evaluate the performance of camera
calibration, we use the Jaccard index, JaCτ introduced by
Magera et al. [48], with τ = 5.
Compositing settings. For blending, we reduce the satura-
tion and value of the new content image by 4% and 10%, re-
spectively. Then, the warped new content background color
is set to the new content’s top left pixel color. The new
content is then upscaled and downscaled by a factor of 2 to
remove aliasing. Finally, to refine the compositing, we ap-
ply a smoothing step by blending the original image with its
Gaussian-blurred version, using a weight of α = 0.2. This
further enhances the seamless integration of the virtual con-
tent while preserving important visual details of the new
advertisement. All these values were determined empiri-
cally through visual inspection, but can be adjusted based
on specific broadcast setups.

5.2. Quantitative results

For banner segmentation, we compare the results of four
segmentation methods. Similarly, we compare the perfor-
mances of NBJW with and without our camera parame-
ter filtering. Currently, no benchmark exists for evaluat-
ing compositing in sports. While certain metrics can as-
sess blending without a dedicated dataset, we only conduct
a qualitative evaluation of the composition module.
Banner segmentation results. Table 1 presents the mean
Boundary IoU (mBIoUd) of banner segmentation models
trained and tested on both the public and private SoccerNet-
Banner datasets. First, we observe that Mask2Former al-
most consistently outperforms all other models across all
distances d and testing settings. As a result, Mask2Former
is confirmed as the best choice for banner segmentation,
provided real-time performance is not a constraint. Next,
we note that the private test set is slightly more challeng-
ing than the public test set, as all models exhibit slightly
lower performance. This is due to its increased diversity.
However, since the performance gap remains small and the
ranking of methods remains mostly unchanged, the public
test set still serves as a reliable benchmark for model eval-
uation. Regarding the impact of training data, we observe
that training on the private dataset improves performance by
approximately 3 points across all methods. This confirms
that additional training data enhances model performance,
although the public dataset alone remains a viable option.
Finally, we find that test-time augmentation (TTA) consis-
tently improves the performance. However, it significantly
increases inference time, making it impractical for real-time

https://github.com/open-mmlab/mmsegmentation
https://openmmlab.com/
https://mmengine.readthedocs.io/en/latest/advanced_tutorials/test_time_augmentation.html
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Public test set mBIoUd [%] Private test set mBIoUd [%]

Method Training Set TTA 1 3 5 10 ∞ 1 3 5 10 ∞
Mask2Former [7] Public × 15.67 40.96 53.11 65.66 81.59 14.95 38.77 50.26 62.40 78.49
DDRNet [56] Public × 13.47 34.59 45.53 57.51 75.94 13.13 33.17 43.47 55.17 73.12
PointRend [44] Public × 13.31 35.52 47.05 59.69 77.17 12.93 33.89 44.60 56.58 73.90
SegFormer [75] Public × 9.77 28.22 39.56 53.88 76.20 9.39 27.16 38.07 51.97 74.24

Mask2Former [7] Public 19.18 45.44 56.92 68.33 82.67 18.08 42.69 53.52 64.67 79.39
PointRend [44] Public 14.97 36.62 47.54 59.74 77.29 14.87 35.65 45.81 57.37 74.59
SegFormer [75] Public 14.54 36.10 47.23 59.95 78.44 14.22 34.99 45.80 58.56 77.18

Mask2Former [7] Private × 19.39 46.05 57.51 68.79 82.63 18.55 43.09 53.60 64.07 78.02
DDRNet [56] Private × 15.88 39.96 50.99 62.42 78.22 15.24 38.23 51.17 63.24 77.09
PointRend [44] Private × 15.49 41.50 54.09 66.91 81.14 15.17 39.55 51.17 63.24 77.96
SegFormer [75] Private × 11.15 33.15 45.87 60.62 79.63 10.62 31.56 43.61 57.71 77.10

Mask2Former [7] Private 22.17 49.88 61.07 71.70 83.75 20.61 45.69 55.84 65.82 79.09
PointRend [44] Private 20.00 47.11 58.85 70.42 83.09 19.14 44.01 54.95 66.12 79.46
SegFormer [75] Private 16.14 40.57 52.50 65.29 81.48 15.55 38.56 49.83 62.15 78.73

Table 1. Quantitative results and ablation study of our banner segmentation module. Comparison of banner segmentation performance
across different methods, training sets (public vs. private), and the impact of test-time augmentation (TTA). Results are reported as mean
Boundary IoU (mBIoUd) at different distances (d = 1, 3, 5, 10,∞) for both our public and private test sets. The inclusion of TTA
(checkmark) as well as training on the larger private dataset generally improves performance across all methods and test sets.

Model Completeness [%] JaC5 [%] Final Score [%]

NBJW 93.65 38.17 35.74
NBJW + 1 filter 100.00 35.88 35.88
NBJW + 2 filters 100.00 36.46 36.46
NBJW + 3 filters 100.00 38.46 38.46

Table 2. Comparison of camera calibration performance us-
ing different levels of filtering. The completeness metric reaches
100% after applying the first filter (linear filter), while additional
filtering improves the final score. The best performance is ob-
tained using all three filters in sequence: Filter 1 is a linear filter
for interpolates missing values, Filter 2 is a median filter for re-
moving outliers, and Filter 3 is a Savitzky-Golay filter for preserv-
ing local trends while refining the signal.

applications. Therefore, TTA should be reserved for offline
scenarios where inference speed is not critical.
Camera calibration results. As shown in Tab. 2, while
the JaC score slightly decreases with the first linear inter-
polation filter, it effectively recovers all missing camera pa-
rameters, leading to a small improvement in the final score.
As expected, the completeness rate reaches 100% after ap-
plying the linear interpolation, whose objective is to join
abrupt variations by averaging neighboring values, reduc-
ing noise while preserving the general trend of the camera
parameters. Adding a second median filter replaces each
value with the median of its surrounding values, making it
effective at removing outliers without blurring sharp transi-
tions. Although this step provides only a marginal improve-
ment over using the linear filter alone, it ensures that ex-

treme deviations do not interfere with calibration. The most
significant performance boost comes when introducing the
third Savitzky-Golay filter which fits a polynomial to local
windows of data to perform smoothing while maintaining
local trends and fine details. This three-stage filtering ap-
proach demonstrates that properly handling missing values
and outliers before applying a final smoothing step signifi-
cantly improves the camera calibration final score. The best
results are obtained when all three filters are applied sequen-
tially, leading to more stable and precise camera parameters.

5.3. Qualitative results

We qualitatively evaluate our pipeline on videos from the
challenge set, emphasizing on the edge cases to show its
limitations. To produce the following qualitative results, we
use the Mask2Former banner segmentation model trained
on the private SoccerNet-Banner dataset with test-time aug-
mentation (TTA) and the three filters for camera calibration.
Video samples are provided in supplementary material.
Banner segmentation qualitative results. Figure 6 show-
cases the performance of Mask2Former in segmenting the
visible perimeter banner. In well-functioning cases, the
model accurately delineates the banner while preserving
fine details near occlusions, even handling blurry obstruc-
tions caused by fast-moving players. However, failure cases
include misclassification of painted ground ads as banners
and occasional confusion between a player’s body parts and
the banner itself, particularly for goalkeepers. Additionally,
segmentation masks tend to be slightly wider than the actual



Figure 6. Qualitative banner segmentation results. Examples of successful (top) and erroneous (bottom) segmentation of the banner.
Failures include segmentation of printed ads on the field (left) and incorrect occlusion handling of the goalkeeper’s head (right).

banner, creating a subtle but perceptible halo effect where
the physical banner content bleeds into occluded areas.
Camera calibration qualitative results. The camera cali-
bration pipeline effectively aligns the new content with the
physical banner in most scenarios, ensuring temporal sta-
bility and accurate placement during camera motion. The
three-stage filtering approach (linear, median, and Savitzky-
Golay filters) reduces flickering and corrects missing or out-
lier camera parameters. Figure 7 provides a visual compar-
ison of the initial and filtered camera parameters. The red
lines represent the projected soccer pitch lines before filter-
ing, while the blue lines depict the same lines after filter-
ing. The green points indicate the projected soccer corners
based on the filtered camera parameters. This visualization
highlights how the filtering process stabilizes parameter es-
timation, leading to more consistent virtual banner place-
ment. However, when prolonged periods of missing or er-
roneous camera parameters occur, particularly at the start or
end of videos, filtering alone is insufficient for correction,
resulting in misaligned advertisements as shown in Fig. 8.
Additionally, rapid changes in camera movement direction
may cause momentary desynchronization between the over-
lay and the physical banner, particularly when the Savitzky-
Golay filter smooths sharp motion transitions excessively.
Compositing qualitative results. The compositing step
generally produces seamless virtual banner replacement,
as demonstrated in Fig. 5. The polynomial-based fitting

method successfully adapts to slight distortions and vari-
ations in banner shape, ensuring consistent overlay align-
ment. However, compositing failures occur when the ban-
ner intersects with the image border, causing the overlay
to appear compressed as shown in Fig. 9 (top). Addition-
ally, the blending technique does not dynamically adjust
to weather conditions, sometimes resulting in unrealistic
integration under varying lighting conditions as displayed
in Fig. 9 (bottom). Other artifacts include aliasing effects
when the banner is small in the frame and sharp, stair-like
transitions at segmentation mask boundaries.
Discussions on potential improvements. Overall, the
pipeline achieves seamless banner replacement in most con-
ditions, maintaining alignment and temporal consistency.
When assumptions hold, the results are visually convinc-
ing, even under camera motion. However, failure cases arise
when segmentation mislabels banner regions, camera cali-
bration lacks sufficient data for correction, or compositing
artifacts emerge due to environmental variations. Despite
these challenges, the method generalizes well across dif-
ferent stadiums and conditions, making it a practical solu-
tion for virtual advertising applications. Yet, several aspects
can be enhanced. First, segmentation errors, such as mis-
classifications of ground ads and minor occlusions, could
be reduced by incorporating temporal consistency mecha-
nisms or refining the segmentation model with additional
occlusion-specific training data. Second, camera calibration



Figure 7. Visualization of initial (red) versus filtered camera parameters (blue) for two sequences (each row). The red lines correspond
to the projected soccer pitch lines using the initial NBJW camera parameters. Blue lines show the filtered projection based on the filtered
parameters. The bottom row depicts failing initial camera parameters (red), yet properly refined (blue) by our filters.

Figure 8. Qualitative camera calibration error leading to
wrongly aligned advertisement in the banner.

stability could be improved with more robust filtering tech-
niques such as BroadTrack [49], a recent camera parame-
ter tracking method that handles missing and outlier values
more effectively. Third, compositing could benefit from
adaptive blending techniques that adjust to varying light-
ing conditions and incorporate edge refinement to smooth
stair-like segmentation boundaries. Additionally, address-
ing aliasing artifacts when the banner is small in the frame
would further enhance visual quality. Future work could ex-
plore end-to-end learning approaches that jointly optimize
segmentation, calibration, and compositing for a fully auto-
mated, real-time system suitable for live broadcasts.

6. Conclusion
In this work, we introduced the first end-to-end auto-

matic pipeline for virtual banner replacement in football
broadcast videos, integrating banner segmentation, camera

Figure 9. Qualitative compositing limitation. Top: Overlay dis-
tortion due to banner intersection with the image border. Bottom:
Compositing failure due to a sharp shadow.

calibration, and compositing. We proposed a novel seg-
mentation approach and released a dedicated SoccerNet-
Banner dataset to facilitate future research in this domain.
Our improved camera calibration method, leveraging multi-
stage filtering, demonstrated enhanced temporal consis-
tency. Extensive quantitative and qualitative evaluations
validated the effectiveness of our approach, showing that
Mask2Former achieves the best segmentation performance,
additional training data improves results, and multi-filtering
significantly refines camera calibration. We hope this work
paves the way for robust and scalable solutions in virtual
advertising for sports broadcasts.
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ane Magera, Olivier Barnich, Bernard Ghanem, and Marc

Van Droogenbroeck. Camera calibration and player local-
ization in SoccerNet-v2 and investigation of their represen-
tations for action spotting. In IEEE Int. Conf. Comput. Vis.
Pattern Recognit. Work. (CVPRW), CVsports, pages 4532–
4541, Nashville, TN, USA, Jun. 2021.

[11] Anthony Cioppa, Adrien Deliege, Maxime Istasse,
Christophe De Vleeschouwer, and Marc Van Droogen-
broeck. ARTHuS: Adaptive real-time human segmentation
in sports through online distillation. In IEEE Int. Conf.
Comput. Vis. Pattern Recognit. Work. (CVPRW), CVsports,
pages 2505–2514, Long Beach, CA, USA, Jun. 2019.

[12] Anthony Cioppa, Adrien Deliège, and Marc Van Droogen-
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Hassan Mkhallati, Adrien Deliège, Carlos Hinojosa, Karen
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rique Brito, Jun Zhang, Junjie Li, Junwei Liang, Leqi Shen,
Lin Ma, Lingchi Chen, Miguel Santos Marques, Mike Aza-
tov, Nikita Kasatkin, Ning Wang, Qiong Jia, Quoc Cuong
Pham, Ralph Ewerth, Ran Song, Rengang Li, Rikke Gade,
Ruben Debien, Runze Zhang, Sangrok Lee, Sergio Escalera,
Shan Jiang, Shigeyuki Odashima, Shimin Chen, Shoichi Ma-
sui, Shouhong Ding, Sin-wai Chan, Siyu Chen, Tallal El-
Shabrawy, Tao He, Thomas B. Moeslund, Wan-Chi Siu, Wei
Zhang, Wei Li, Xiangwei Wang, Xiao Tan, Xiaochuan Li,
Xiaolin Wei, Xiaoqing Ye, Xing Liu, Xinying Wang, Yan-
dong Guo, Yaqian Zhao, Yi Yu, Yingying Li, Yue He, Yujie
Zhong, Zhenhua Guo, and Zhiheng Li. SoccerNet 2022 chal-
lenges results. In Int. ACM Work. Multimedia Content Anal.
Sports (MMSports), pages 75–86, Lisbon, Port., Oct. 2022.

https://www.motorsport.com/f1/news/ai-replays-and-more-augmented-reality-whats-new-for-f1s-tv-coverage-in-2023/10439326/
https://www.motorsport.com/f1/news/ai-replays-and-more-augmented-reality-whats-new-for-f1s-tv-coverage-in-2023/10439326/
https://www.motorsport.com/f1/news/ai-replays-and-more-augmented-reality-whats-new-for-f1s-tv-coverage-in-2023/10439326/
https://www.motorsport.com/f1/news/ai-replays-and-more-augmented-reality-whats-new-for-f1s-tv-coverage-in-2023/10439326/
https://github.com/open-mmlab/mmsegmentation
https://github.com/open-mmlab/mmsegmentation
https://github.com/NikolasEnt/soccernet-calibration-sportlight
https://github.com/NikolasEnt/soccernet-calibration-sportlight
https://github.com/NikolasEnt/soccernet-calibration-sportlight
https://www.sportsbusinessjournal.com/Daily/Issues/2016/01/20/Technology/the-nba-is-wisely-opening-up-its-sportvu-data-to-fans-and-media-outlets/
https://www.sportsbusinessjournal.com/Daily/Issues/2016/01/20/Technology/the-nba-is-wisely-opening-up-its-sportvu-data-to-fans-and-media-outlets/
https://www.sportsbusinessjournal.com/Daily/Issues/2016/01/20/Technology/the-nba-is-wisely-opening-up-its-sportvu-data-to-fans-and-media-outlets/
https://www.sportsbusinessjournal.com/Daily/Issues/2016/01/20/Technology/the-nba-is-wisely-opening-up-its-sportvu-data-to-fans-and-media-outlets/
https://www.sportsbusinessjournal.com/Daily/Issues/2016/01/20/Technology/the-nba-is-wisely-opening-up-its-sportvu-data-to-fans-and-media-outlets/


[30] Silvio Giancola, Anthony Cioppa, Julia Georgieva, Johsan
Billingham, Andreas Serner, Kerry Peek, Bernard Ghanem,
and Marc Van Droogenbroeck. Towards active learning for
action spotting in association football videos. In IEEE/CVF
Conf. Comput. Vis. Pattern Recognit. Work. (CVPRW), pages
5098–5108, Vancouver, Can., Jun. 2023.

[31] Silvio Giancola, Anthony Cioppa, Bernard Ghanem, and
Marc Van Droogenbroeck. Deep learning for action spot-
ting in association football videos. arXiv, abs/2410.01304,
2024.
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