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Abstract. In this paper, we present a new framework that combines
deep semantic segmentation with homography estimation to address
challenges in racket sports court registration from broadcast videos. In
particular, we deal with courts presenting the following problems: (a)
brushed and occluded lines, (b) illumination variations, and (c) unknown
camera parameters. Given an input frame from a broadcast video, our
approach employs an encoder-decoder deep neural network to predict
a precise pixel-level segmentation mask, which is then used to estimate
the homography matrix between the input frame and its reference court
model. For a comprehensive evaluation, we have developed two datasets
for badminton and tennis that meet our specific needs. Since datasets
and state-of-the-art methods with code are not publicly available, we
compared our framework with a commonly handcrafted approach largely
used as a baseline method in racket sports analysis. We show that our
method outperforms the baseline in terms of registration accuracy and
inference latency per frame.
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1 Introduction

Sports-field registration and detection tasks have gained significant interest due
to their crucial role in video sports analysis [26]. Early attempts [2–6] relied
heavily on handcrafted features like field lines and keypoints, primarily focusing
on court-net sports. As deep learning techniques proved their capabilities in
sports video analysis [19], they have been widely applied across a diverse array
of sports, far beyond just racket-based games [8, 23, 9, 24, 20, 15, 18].

First, a sports-field registration method employ homography estimation and
non-linear Levenberg-Marquardt optimization [7] to refine camera calibration,
enabling court tracking in video frames [2]. The authors propose a detailed pro-
cess starting with white pixel detection, followed by line extraction using the
Hough transform [22]. They then fit these lines to a court model using a ho-
mography matrix. For tracking across frames, the method adapts the predicted
camera parameters to each new input frame, ensuring consistent court registra-
tion. The method’s assumption of linearity might fail in the presence of lens
distortion. Taking a more geometric approach, J. Han et al [3] calculate a 3x4
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camera calibration matrix, paired with a line-pixel detection using RANSAC al-
gorithm [21]. The method struggles in complex scenarios, such as when the net
line closely aligns with a court line. Building upon these techniques, B. Dang
et al [4] use luminance thresholding for white pixel extraction and RANSAC
[21] for line parameter estimation. The tracking phase extends detected court
lines from the previous frame to establish a search region. This method faces
challenges with occlusions, variable lighting, and dynamic environments.

Most deep learning approaches use first Convolutional Neural Networks (CNN)
to extract fields features, followed by an homography estimation step that matches
the input frame to the court model. We can distinguish between handcrafted ho-
mography estimation-based methods [23, 9, 15, 20] and deep learning-based re-
gression models [24, 8, 18].

In [23], authors propose a fully-convolutional U-Net architecture for keypoint
identification in Basketball, Volleyball, and Soccer field images using multiple
camera setups. They perform pixel-wise classification to identify semantic key-
points, which are intersections and corners of field lines, as well as player key-
points. Initial homography estimation is carried out based on these semantic key-
points by minimizing reprojection errors between the observed 2D image points
and the transformed 3D ground points. However, this approach faces challenges
in conditions with cluttered scenes, and its reliance on multi-camera setups or
additional sensors may limit its applicability. In [9], a framework that comprises
a multi-task deep network to detect both keypoints and dense frame-features was
proposed. Built on a ResNet-18 encoder-decoder architecture, they use dilated
convolutions and non-local blocks for better spatial context. Initial homography
is estimated using the Direct Linear Transformation (DLT) [11] with RANSAC
[21] and further refined via a weighted loss optimization scheme. Although the
method performs well on various sports fields, it fails in the case of clay court.
Furthermore, SFLNet [24], a multi-task network, was proposed for sports filed
registration through single-shot regression. SFLNet was validated only on bas-
ket sport and faces limitations in handling uncommon court appearances not
represented in the training dataset. In [8], a two-stage pipeline for sports field
registration in broadcast videos to prevent overfitting was introduced. The first
registration network, a modified ResNet-18 architecture, serves as initial homog-
raphy regression. The second stage, the registration error network, estimates the
error of the field model template wraping. This method was evaluated only in
the case of soccer and hockey sports and the second stage seems to be time
consuming when minimizing the estimated error. Similarly in the case of soccer
sport, [15] propose an encoder-decoder architecture based on a grid of uniformly
distributed keypoints as field-specific features to ensure feature representation
under different camera poses.

In this work, we propose a novel deep learning-based approach to register
racket sports-fields from broadcast videos. We use deep semantic segmentation
for court feature extraction and a handcrafted homography estimation method
based on the extracted features.

Main contributions are as follows:
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– Racket sports field registration datasets: To the best of our knowledge, there
are no public datasets presenting homography annotations for racket sports.
A tennis dataset presenting clay court challenges and a badminton dataset
dealing with different field colors are created and detailed in section 3.1.
Both datasets include semantic segmentation labels for specific field zones,
lines, and ground truth homographies.

– A deep learning framework dedicated for racket sports-field registration. The
proposed method was validated on our datasets.

The rest of the paper is organized as follows. In Section 2, we describe the
proposed method. Experimental settings, results and discussions are reported in
Section 3. Section 4 concludes the paper and summarizes a few directions for
future work.

2 Method

As depicted in Figure 1, our proposed framework is structured into two main
phases. : semantic segmentation and homography estimation. First, a semantic
segmentation phase processes the input image and estimates the pixel regions
corresponding to various labeled zones. These zones are defined according to
the kind of racket sport. Then, an homography estimation phase is applied.
It includes a corner extraction step that computes, for each zone in the output
mask, a set of four points followed by an homography estimation using RANSAC
algorithm.

Fig. 1. Overview of the proposed framework.
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2.1 Semantic Segmentation

The idea is to recognize the region of pixels for each predefined court zone by
assigning the corresponding label in the output mask. As encoder, we rely on
50-layer ResNet [10] pre-traind on the extensive ImageNet dataset [25]. This
backbone is the fundamental feature extractor of our semantic segmentation
Network. Then a DeepLabV3Plus decoder [12] operates on the feature maps,
employing a series of upsampling and concatenation operations to enhance spa-
tial resolution, and to capture fine-grained details. For each pixel, the model
generates a softmax score in a one-hot encoded mask, representing the proba-
bility of belonging to a class.

Training In this section, we will describe the training step for both badminton
and tennis sports.

Badminton Case. In Figure 2, we show the 13 labeled zones for the badminton
court.

Fig. 2. Explanation of badminton mask configuration.

During training, we use the Generalized Dice Loss (GDL) [13] in three time
phases tk, k ∈ {1, 2, 3} as shown in equation (1). Each time phase consists of a
set of consecutive epochs.

GDL(tk) = 1− 2

∑
z∈Z w

(tk)
z

∑
i∈Nz

(pi · gi) + ϵ∑
z∈Z w

(tk)
z

∑
i∈Nz

(pi + gi) + ϵ
(1)

where Z is the number of zone classes, w(tk)
i is the loss weight assigned to zone

z at time phase tk, Nz is the total number of pixels for zone z, pi is the pre-
dicted probability for pixel i, gi is the ground truth label for pixel i, and ϵ is a
small constant added to the denominator to avoid division by zero. In the first
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time phase t1, all loss weights of all zones wt1
z are set to 1 so that the GDL is

equivalent to the classic Dice Loss function (DL). The error is calculated using
the prediction of all court zones classes. This time phase starts from the first
epoch and ends when the model converges to a local minima. In time phase t2,
we enhance the detection of back zones, detailed alongside other zones in Figure
2, by setting their loss weights to 1 and canceling those corresponding to other
zones. In fact, by introducing a back zone focused GDL in t2, the network can
effectively navigate away from local minima and guide the model weight updates
towards more effective minima. At the end, we again perform a classic Dice loss
function in order to correct the overall zones detection. The choice of GDL,
rather than the commonly used cross-entropy loss, is motivated by their suit-
ability for segmentation tasks. It specifically addresses the segmentation quality
and overall agreement with the ground truth masks, leading to improved results
for the zones as a whole rather than individual pixels alone.

Tennis Case. The brushed lines on clay courts cause poorly defined zone borders,
making it difficult for a segmentation model to accurately distinguish between
different court zones. Thus, we adopted a simplified labeling strategy for our seg-
mentation model. Instead of segmenting each zone as a distinct label, we focused
on two primary labels: the ’full court’ and the ’background’. We implemented the
Weighted Dice Loss (WDL) [13], detailed in equation (2), as a guided-attention
on the full court zone.

WDL = 1−
C∑

c=1

wc ×
2×

∑
i∈Nc

(pi · gi) + ϵ∑
i∈Nc

(pi + gi) + ϵ
(2)

Where C is the number of classes in the dataset. The weight assigned to each
class c is represented by wc, which is critical for balancing the model’s focus
across different classes. During training, wc takes two values: 3.0 for the class
’full court’ and 1.0 for the ’background’. Nc denotes the set of all pixels belonging
to class c, essential for assessing class-wise segmentation accuracy. For each pixel
i, pi represents the model’s predicted probability of that pixel being part of a
specific class, while gi stands for the actual ground truth label of pixel i. Lastly, ϵ
is a small constant added to the denominator to avoid division by zero, ensuring
numerical stability during the model’s training phase. By assigning different
weights to each class, we aim to guide the model’s focus towards the more critical
area, i.e., the court surface.

2.2 Post-Processing Operations

To extract the corner points for each zone, we start by applying four iterations
of erosion followed by four iterations of dilation using a 3x3 kernel consisting of
ones. We subsequently apply a linear regression model and a PCA-based model
to accurately extract horizontal and vertical lines, respectively, from the set of
contour points. Finally, we utilize the intersection points between the detected
lines as inputs for estimating homography transformation using RANSAC [21]
and DLT [11].
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2.3 Homography Estimation

Corner Extraction. We propose to extract the corners of each zone in the
predicted mask. To enhance the quality of corner detection, morphological op-
erations are used to smooth mask zone borders. Subsequently, we convert the
contours of the labeled zones into line segments, distinguishing between hori-
zontal and vertical lines based on their orientation and alignment criteria. We
employ linear regression [14] to fit lines through clusters of horizontal line seg-
ments. This regression provides two best-fit lines, each representing one of the
horizontal border lines of the quadrilateral zone.

For vertical lines, we use orthogonal regression to find the line that better fits
the vertical direction of cluster. Line intersections are the coordinates of labeled
zones corners.

Homography Estimation. The court reference model consists of the lines that
are drawn onto the ground to define the play-field geometry. The lines are defined
in the model coordinate system. Once the valid corner points are identified with
their corresponding reference points (in the court reference), we use the RANSAC
in conjunction with the Direct Linear Transform (DLT) method to compute the
homography matrix defined by equation 3. It maps points from the model plane
to corresponding points in the the image plane.

H =

h11 h12 h13

h21 h22 h23

h31 h32 1

 (3)

where each element hij corresponds to a parameter that influences the transfor-
mation. Specifically, h11, h12, h21, and h22 contribute to scaling and rotational
effects, h13 and h23 manage translations, while h31 and h32 control the perspec-
tive distortion. The transformation enabled by the homography matrix H allows
us to convert the coordinates of a point in the court model, (x, y), to its new
position, (x′, y′), in the image captured by the camera, as shown in equation 4x′

y′

w′

 = H ·

xy
1

 (4)

where (x′, y′) are the coordinates after applying the homography and w′ is the
scaling factor that is used to bring the coordinates back to the conventional 2D
form.

3 Experiments

3.1 Datasets

Tennis Case. Our tennis dataset, specifically focused on clay courts, comprises
486 images extracted randomly from YouTube broadcast match videos, with 100
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designated for the test phase. These images were extracted from 50fps broadcast
video frames. The choice of clay courts was intentional, as they present unique
analytical challenges. One of the primary difficulties in clay court analysis is that
the lines are often obscured due to player movement, making the edges of areas,
corners, and sometimes even entire lines difficult to discern. To ensure a diverse
and comprehensive dataset, we incorporated a variety of frames characterized
by differing levels of brightness, different camera positions, with occluded court
lines, and presence of shadows.

We annotated the tennis court using polygons, with each polygon represent-
ing a specific court zone and an additional one for the full court. Our annotation
methodology provides the versatility to train our semantic segmentation model
on various label definitions within the tennis court, accommodating multiple
design choices for in-depth analysis. Additionally, it facilitated the creation of
binary test images, distinctly representing court lines in white against non-line
areas in black. These binary images serve as the ground truth for homography
estimation.

Badminton Case. This new dataset is composed of 564 images of badminton
courts. The annotation consists of a precise mask outlining the different court
zones. Recognizing the crucial role of high-quality training data, the dataset
cover diverse court environments and recurrent edge cases.

We manually annotated a test set of 92 images, producing corresponding
binary ground truth images to accurately quantify overlap accuracy. For data
collection, we selected 564 RGB images from public YouTube videos featuring
broadcast badminton matches with 1920x1080 resolution. To mitigate potential
biases towards specific court colors, the dataset includes images of both green
and red badminton courts. Furthermore, we selected images featuring varying
numbers of players to enable the model to learn and understand the impact of
player occlusions on court detection. Addition- ally, as badminton match videos
may contain segments where the court is not visible, we incorporated a subset
of images with black masks to distinctly differentiate between what constitutes
a court and non-court regions.

3.2 Evaluation Metrics

IoU. The Intersection over Union (IoU) is computed between ground truth
binary mask and its projection using the predicted homography. The IoU reaches
a value of one when there is an exact match between the two lines regions and
drops to zero in cases of no overlap.

mIoU =
1

N

N∑
i=1

TPi

TPi + FPi + FNi
(5)

For each class i, the IoU is calculated as the ratio of the number of true positive
predictions TPi to the sum of true positives TPi, false positives FPi, and false
negatives FNi.
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Latency. To evaluate the speed of the framework, we measure the elapsed
time from introducing the input image to receiving the overlay output. It is
important to note that the recorded values are dependent on the performance
of the used hardware. Nevertheless, these measurements enable us to compare
different approaches executed on the same hardware, providing insights into their
relative efficiency.

3.3 Baselines

To the best of our knowledge, there is no available source code for State-of-the-
art sports-field registration methods. Consequently, to facilitate a comprehen-
sive and meaningful comparison within our research, we benchmark our results
against the Farin et al. method [2] frequently used in rackets sport analysis
work. This baseline extracts line parameters through handcrafted filtering tech-
niques and estimates a homography from line-to-line correspondences. We use
the OpenCV implementation of DLT [11] algorithm to solve a set of linear equa-
tions to find the homography matrix. Additionally, we compare our method
against the KaliCalib framework [20] for basketball court registration. The au-
thors propose an encoder-decoder architecture to predict the locations of field
keypoints and background heatmaps. These predictions are used along side a
predefined field template as inputs to estimate the homography matrix with
RANSAC.

3.4 Implementation Details

For all our experiments, the semantic segmentation architecture was imple-
mented using the PyTorch framework. We employed the Adam optimizer with a
batch size of 2 images and an initial learning rate of 0.0001. The encoder layers of
the ResNet50 [10] backbone were initialized with pre-trained weights from Ima-
geNet [25]. We did not freeze them so they subsequently get fine-tuned to enhance
the detection of badminton courts. The decoder layers of the DeepLabV3Plus [12]
architecture were initialized with default PyTorch uniform distributions. Data
augmentation was implemented using the Albumentations library. We applied
a spatial transformation with a random probability of 0.6, utilizing a scaling
parameter of 0.05 and a rotation parameter of 3 degrees. Additionally, a color
jitter transformation with a probability of 0.5 was applied, modifying satura-
tion, brightness, and contrast. Gaussian blur augmentation was applied with a
probability of 0.1 to enhance robustness.

For badminton, The first Generalized Dice Loss function was used for t1 from
epoch 1 to epoch 14 and for t3 from epoch 16 to epoch 50. The second GDL
function was used for t2 in epoch 15. We chose epoch 15 with experimentation
as that’s when the model converges to a local minima using only the first GDL.
All experiments were conducted on a system equipped with an Intel CPU i9-
13900KF (3.00GHz) and a Nvidia RTX A6000 GPU.
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3.5 Results

In Table 1, we report mean, median, min, and max values of IoU scores for all the
samples within the test set as obtained by the methods of Farin et al. [2], Kali-
Calib [20], and ours. For tennis and badminton datasets, our approach achieves
enhanced IoU scores, leading in mean, median, and minimum values. Further-
more, the latency of our framework is significantly lower than that of Farin et
al.’s method and comparable to that of KaliCalib. This significant latency of
the Farin et al. method on the tennis dataset can be logically attributed to the
challenges posed by the brushed lines and the poor conditions of clay courts.
These factors introduce considerable noise and an excess of white pixels that
necessitate extensive filtering. In Figure 3, we visually demonstrate the qualita-

Table 1. Quantitative results of homography estimation on our private datasets.

Method IoU↑ Latency(s)
Median Mean Min Max

Tennis Ours 0.56 0.548 0.147 1.0 0.195
KaliCalib 0.477 0.473 0.0 1.0 0.21
Farin et al. 0.497 0.407 0.0 0.652 20892.3

Badminton Ours 0.787 0.781 0.704 0.822 0.404
KaliCalib 0.717 0.727 0.635 0.836 0.371
Farin et al. 0.648 0.674 0.567 0.811 3.5

Fig. 3. Qualitative results of our approach for different examples from tennis and
badminton datasets. The second column presents an instance of imprecise projection
for each sport, primarily caused by the random interference of players.
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tive performance of our deep learning approach applied to tennis and badminton
datasets. The figure showcases the overlay of field lines (in black) and keypoints
(in green) onto the tennis frames. The accuracy of our method is evidenced
by the precise alignment of these overlays with the court’s geometry. For bad-
minton, the court template is segmented into colored zones and lines, serving
as a foundational element for subsequent analysis. A side-by-side comparison
within the figure provides a stark contrast between the precision of our model’s
projection in the first column and instances of less accurate projection in the
second column.

Components Analysis of The Semantic Segmentation Model. In or-
der to justify our network design choices, we conducted a model components
analysis on the badminton dataset that focuses on the encoders, decoders and
loss functions. Table 2 summarizes the results of different network architecture
variants. We show the results of variants using different encoders which are re-
spectively ResNet-34 [10], ResNet-101 [10], ResNet-152 [10], EfficientNet-B5 [27]
and ResNet-50 [10]. We found that both ResNet-101 and ResNet-50 yielded good
results. However, considering the doubled number of parameters and computa-
tional complexity of the former, the latter was deemed a better choice overall.
In addition, we studied different decoders and found that DeepLabV3Plus [12]
has good results against DeepLabV3 [28], UNet[16], UNet++[17].

Table 2. Comparison of the semantic segmentation model variants

Variant mIoU(%)↑
Train Valid Test

E
nc

od
er

With ResNet-18 99.66 99.41 98.67
With ResNet-34 99.78 99.47 99.00
With ResNet-101 99.64 99.14 98.40
With ResNet-152 98.65 99.50 98.90
With EfficientNet-B5 99.17 98.99 98.35

D
ec

od
er With DeepLabV3 99.59 99.31 98.93

With U-Net 99.73 99.05 98.81
With U-Net++ 99.79 99.26 98.40
Ours 99.79 99.50 99.08

Dataset Composition Analysis. Table 3 shows the performances our model
based on different datasets properties. The term non-court indicates that the
dataset comprises images where court visibility is absent. The proposed method
provides best results when the model is trained on a dataset composed with green
and red courts, and non-court images. We also show that our model performs
better on HSV color system.
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Table 3. Impact of badminton court dataset characteristics on model performance.

Non-court Green court Red court Color system Augmentation mIoU(%)↑
Train Valid Test

X X HSV X 98.94 94.24 96.64
X X HSV X 99.52 97.75 97.15
X X HSV X 98.91 85.03 78.14
X X X RGB X 99.69 99.41 99.01
X X X HSV 99.63 99.42 98.57
X X X HSV X 99.79 99.50 99.08

4 Conclusion

In this work, we introduce a new deep learning-based framework that com-
bines deep semantic segmentation with homography estimation step based on
RANSAC for racket sports court registration from broadcast video frames. Our
experimental evaluations, through two distinct datasets, show that our method
not only surpasses the baselines approachs but also exhibits robustness in court
registration tasks. In Future work, we focus on estimating homography param-
eters based on regression techniques.
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