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 Soccer analytics intensely relies on accurate pitch keypoint detection and 

homography mapping, yet soccer broadcast data poses challenges caused by 

camera angle variation and partial pitch coverage. This study systematically 

evaluates you only look once version 8 (YOLOv8)-pose variants (nano, 

small, medium, large, and x-large) for keypoint detection and homography 

mapping. These models were retrained on broadcast and scouting datasets, 

while homography mapping was computed using direct linear transform 

(DLT) and random sample consensus (RANSAC). Three metrics were used 

for evaluation: detection accuracy, computational efficiency, and 

homography reliability. Results showed that the medium variant achieved 

the best balance, with the lowest mean pixel error (35.67 px), competitive 

inference speed 49.6 frames per second (FPS), and moderate model size 

(52.2 MB). Furthermore, it also reached the highest homography success 

rate (96.2%), surpassing all other variants. These findings suggest that the 

medium variant is the most effective balance for real-time soccer analytics, 

providing robust performance in accuracy, efficiency, and reliability under 

diverse broadcast data. Future studies would focus on enlarging the dataset 

with additional keypoints, incorporating temporal smoothing, and integrating 

a player tracking system. For reproducibility, the dataset and code are openly 

available on GitHub. 
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1. INTRODUCTION 

Despite the rapid development of soccer analytics, open-source platforms and accessible soccer 

scouting data remain limited. This situation can be addressed by utilizing broadcast data for low-cost soccer 

analytics. Major tournaments run by Fédération Internationale de Football Association (FIFA), like English 

Premier League and World Cup, even have been generating thousands of hours of high plausible data for 

scalable soccer analytics [1]. This condition confirms that the broadcast data potentially offers substantial 

resources for large-scale soccer analytics. However, in comparison to scouting data, broadcast data usually 

contains some challenges, such as varying camera angles, zoom levels, and occluded pitch regions [2], [3]. 

Therefore, such change in camera perspectives poses a much more challenging task to ensure accurate and 

stable soccer analytics. One of the pivotal tasks used to support soccer analytics through broadcast data is 

https://creativecommons.org/licenses/by-sa/4.0/
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accurate detection of field landmark/keypoint [4]. This process is crucial to standardize a top-down view of 

the pitch, a process known as homography mapping. The alignment between keypoint detection and 

homography mapping is commonly a prerequisite for downstream tasks, such as player tracking and tactical 

analysis [5]. In this way, both become two core components to enable transition from broadcast data into 

accurate and scalable soccer analytics. 

Recent architectures provide useful information towards addressing these issues. Sportlight, the first 

winner of the 2023 SoccerNet camera calibration challenge, used high-resolution network version 2-width 48 

(HRNetV2-w48) to detect pitch landmarks via heatmaps. They achieved accurate homography mapping from 

video frames to the top-down pitch view [6]. Despite its high-quality results, HRNet is computationally 

costly and might not be applicable to real-time analytics. However, the second winner, Spiideo, used you 

only look once X-pose (YOLOX-pose) as player pelvis keypoints, which leads to proving that even 

lightweight and speed-oriented pose detectors can be effective [7]. Based on such insights, the YOLO-pose 

family may become an excellent alternative to detecting soccer pitch landmarks. YOLO-pose can be 

retrained to detect field landmarks, although originally it was used to detect human keypoint. It provides five 

variants (nano, small, medium, large, and extra-large) that give flexibility in terms of speed and the 

complexity of the model [8]. As an example, YOLOv8n-pose (nano) took 131.8 ms to run on CPU-ONNX 

with the model size of 3.3 MB compared with 1,607 ms per frame and 69.4 MB in YOLOv8x-pose  

(extra-large) [9]. The benchmarks outline a noticeable speed accuracy trade-off, proposing the need to focus 

on the choice of a variant that will adopt the time-sensitive sports visual analytics. 

Regardless of flexibility for choosing the YOLO-pose models, it is not specified yet which variant 

provides the most effective performance for detecting soccer pitch keypoints in diverse camera angles and 

partial occlusions [10]. This statement can be supported by the recent studies demonstrating that the actual 

effectiveness of each variant related to keypoint detection or soccer analytics is still unclear [9], [11]. Moreover, 

the ability of a reliable algorithm to map keypoint detected with YOLO-pose to homography mapping has not 

been widely explored. In this case, stable and reliable homography mapping is needed to overcome a situation 

where YOLO-pose model mispredicts keypoints, resulting in outliers. This is because inaccurate homography 

mapping will directly impact downstream processes, such as automated player tracking or tactical analysis 

tracking [12]. These issues highlight a clear gap in understanding the real performance of YOLO-pose variants 

for keypoint detection and what is the appropriate way to utilize these detected keypoints into reliable 

homography mapping. Therefore, a deeper investigation into these aspects is inevitably needed. 

According to the mentioned issues, this paper aims to systematically evaluate the YOLO-pose 

variant for pitch keypoint detection and its homography mapping. To our knowledge, this paper introduces 

the first reproducible baseline of YOLO-pose model varaints used in soccer homography mapping. Our 

contribution in detail can be summed up as follows: 

i) Robust keypoint detection accuracy: determine which YOLO-pose variant performs best under noisy 

broadcast data with occlusions and scouting data. 

ii) Computational efficiency: examine the latency, inference speed and model size to learn the trade-offs 

among real-time feasibility and detection accuracy of soccer analytics application. 

iii) Homography reliability: assess the robustness of homography mappings under varying video conditions 

to support downstream tactical analysis tasks. 

In order to lead the readers through these contributions, the paper is organized in the following ways:  

section 2 provides related works, section 3 describes the methodology, section 4 includes results and 

discussion, and finally, section 5 gives the conclusion to the study. 

 

 

2. RELATED WORKS 

The recent innovations in pose estimation have demonstrated positive outcomes in football field 

localization [6], [7]. The performance of HRNet-based models in keypoint detection was observed through 

the SoccerNet camera calibration challenge. However, it is not ideal for low-end computers or real-time 

conditions due to its high computational cost [6]. Conversely, YOLO-pose presents lighter forms that offer 

tradeoffs between accuracy and speed, which is a good solution for limited computer resources [7], [8]. As 

the use of YOLO frameworks has been growing, other researchers have also begun to compare various 

YOLO generations (e.g., YOLOv5, YOLOv7, and YOLOv8) to learn more about trade-offs between 

inference speed versus its accuracy. Nonetheless, the majority of these researches are aimed at object 

detection and not at keypoint or landmark estimation [13], [14]. Consequently, comparisons in performance 

between different variants of a particular YOLO-pose are not well studied, especially when detecting soccer 

field keypoints in both broadcast and scouting scenarios. 

Homography mapping is a crucial step to achieve soccer field localization, consisting of estimating 

a geometric transformation using detected pitch features into a standardized field template. Earlier approach 



Int J Artif Intell  ISSN: 2252-8938  

 

Evaluating YOLOv8-pose variants for soccer keypoint detection and homography … (Durrotun Nashihin) 

4821 

was based on classical computer vision algorithms like Hough-based line detection, ellipse fitting center 

circle, and template matching penalty box [15]. Although it worked well in a controlled environment, like 

scouting data, it is generally worse when used in a broadcast environment. Therefore, it is not a proper option 

for a large-scale automated analysis [16]. With the emergence of deep learning, the genre changed to 

convolutional neural networks (CNNs) with the ability to learn discriminative visual representations. Early 

studies were based on semantic segmentation networks, including fully convolutional networks (FCNs) and 

DeepLab to segment field lines or areas of interest [17], [18]. Segmentation-based pipelines, though more 

robust, were frequently costly in terms of annotations and had a difficult time competing with real-time 

pipelines. According to this current situation, keypoint-based methods is necessary to be explored as they 

provide a highly promising, lightweight, and flexible alternative for homography mapping. 
 

 

3. METHOD  

Figure 1 presents the system overview of this study with two input datasets (broadcast and 

scouting), five YOLOv8-pose model variants for keypoint detection, and three main evaluations. Although 

broadcast data is our main concern of this study, scouting data is still included since we want to emphasize 

that our approach can work well across different camera perspectives and field conditions. Then,  

YOLOv8-pose is chosen because it has been widely used and well-validated pose model among researchers 

in different area [19], [20]. Subsection 3.1 explains the dataset, preprocessing and training strategy, while 

subsections 3.2-3.4 describe the three main evaluations of this study: accuracy evaluation, computational 

efficiency, and homography mapping reliability. The details of the evaluation metrics can be seen in Table 1. 
 
 

 
 

Figure 1. System overview of soccer field keypoint detection and homography mapping 
 
 

Table 1. Summary of evaluation metrics 
Evaluation Metrics 

Accuracy evaluation Loss functions, mean average precision (mAP) and 
mean pixel error (MPE) 

Computational efficiency Latency, inference speed, and model size 

Homography mapping reliability Ratio of success rate (%) 

 
 

3.1.  Dataset, preprocessing, and training strategy  

This study uses the Soccer field localization dataset from Roboflow [21], containing 514 manually 

annotated keypoint images from scouting and broadcast data. For further reproducibility, dataset and code can 

be accessed in GitHub at https://github.com/durrotunnashihin/yolov8pose-soccer-keypoint-homography-mapping. 

To make it clear, the meaning of keypoint in this research is a given point on the soccer field, like corners or 

markers of penalty areas, annotated with pixel coordinates. For the preprocessing step, the flip_idx parameter in 

the data.yaml was slightly changed to ensure that the left-right keypoints are properly matched in augmentation 

process. Furthermore, the size of all input images was standardized to a certain resolution (640 × 640 px) to 

standardize the datasets and optimize computing efficiency. In the training strategy, the hyperparameters of all 
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models were configured equally. The purpose of this setting is to ensure the performance’s difference was based 

on model capacity, and not on optimization bias. Then, the stochastic gradient descent (SGD) optimizer with 

initial rate 0.01 was chosen due to its stability and efficiency, especially for large-scale training [22]. To address 

the stochastic effects, the data augmentation was as light as possible, turning mosaic augmentation off, and 

using simple geometric transformations. 
 

3.2.  Accuracy evaluation 

The accuracy of the keypoint detection models was evaluated using three metrics: loss functions, 

mAP and MPE. During training, loss functions (training and validation losses) were used to monitor model 

performance. The training loss measures how well the models fit between predicted and actual keypoints, 

while the validation loss reflects the model’s capability to generalize the previous unseen data [23]. In 

addition, mAP at two standard thresholds (mAP@0.5 and mAP@0.5:0.95) was implemented to measure the 

accuracy of keypoint localization under different levels of strictness. As shown in (1), the mAP is computed 

as the mean of average precision (AP) values across multiple thresholds τ [24]. To complement mAP, this 

study adopts MPE from prior work on object pose estimation to quantify the accuracy of keypoint detection 

in our soccer pitch keypoint detection task [25]. This metric as in (2) directly measures the average Euclidean 

distance in pixels between predicted (𝑥̂𝑖 , 𝑦̂𝑖) and ground-truth (𝑥𝑖 , 𝑦𝑖) keypoints. 
 

𝑚𝐴𝑃 =
1

|𝑇|
∑ 𝐴𝑃(𝜏)𝜏𝜖𝑇  (1) 

 

𝑀𝑃𝐸 =
1

𝑁
∑ √(𝑥𝑖 − 𝑥̂𝑖)

2 + (𝑦𝑖 − 𝑦̂𝑖)
2𝑁

𝑖=1   (2) 

 

3.3.  Computational efficiency 

To measure the computational efficiency, this study used three metrics: latency, inference speed, 

and model size. Together, the combination of these metrics can support the practical implementation of real-

time soccer analytics. First metric is latency defined as the average time to process a single frame. It is 

mathematically stated as in (3), where 𝑇𝑡𝑜𝑡𝑎𝑙  is the sum of inference duration over 𝑁 test frames. As seen  

in (3), the second metric is frames per second (FPS), describing how many total executed frames that models 

can process per second. This study considered these metrics because they are widely used in for AI 

applications, such as YOLO-fall, a lightweight edge model in which speed and accuracy are essential [26]. 

The model is the last metric, where larger model size usually requires greater computational and  

memory resources. 
 

𝐿𝑎𝑡𝑒𝑛𝑐𝑦 =
𝑇𝑡𝑜𝑡𝑎𝑙

𝑁
 x 100,    𝐹𝑃𝑆 =

𝑁

𝑇𝑡𝑜𝑡𝑎𝑙
 x 100 (3) 

 

3.4.  Homography mapping reliability 

The homography mapping was calculated with direct linear transform (DLT) which matches 

identified field keypoints (source points) with their annotated reference points (destination points) on the 

soccer pitch template [27]. To make it robust against noise, we only used detected keypoints with a 

confidence level more than 0.8. Furthermore, the homography mapping is considered successful only if 

minimal detected keypoints are four with less geometric alignment. Besides, we also used the random sample 

consensus (RANSAC) algorithm, which repeatedly chooses random subsets of keypoint correspondences to 

hypothesize a homography matrix and then evaluates how many correspondences agree with this  

hypothesis [28]. Keypoints with reprojection error less than the threshold are considered inliers, and the rest 

are outliers. To measure the homography reliability, each YOLOv8-pose variant was evaluated on each 

image on the test set. For each image, a binary outcome was obtained, successful mapping as 1 and 

unsuccessful mapping as 0. As seen in (4), the formula is made to calculate the ratio of images with 

successful mapping over 𝑁 all images. Different with mAP or MPE, which measure accuracy, this metric 

directly captures the usability of the system in a downstream task, i.e. tactical analysis and visualization of 

player trajectories. 
 

𝑅𝑚𝑎𝑝 =
1

𝑁
 ∑ 𝑖𝑠_𝑚𝑎𝑝𝑝𝑖𝑛𝑔(𝑖)𝑁

𝑖=1  (4) 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Experimental setup 

This section outlines the experimental setup used to evaluate the proposed approach. It covers three 

key aspects: dataset composition, hyperparameter settings, and hardware specifications. 
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4.1.1. Dataset composition 

The dataset composition is summarized in Table 2, while the 32 annotated keypoints are illustrated 

in Figure 2. Besides, Figure 3 summarizes the distribution of keypoint visibility in the Soccer Field 

Localization dataset, with the overall counts for the three visibility categories (invisible, occluded, and 

visible) presented in Figure 3(a), and the distribution of visible keypoints shown in Figure 3(b). The highest 

numbers of annotated keypoints are observed at reference points 15, 14, and 13, indicating that the dataset 

majorly covers the middle area of the pitch. This distribution provides an important basis to measure the 

performance of homography mapping in various visibility conditions. 
 

 

Table 2. Dataset composition 
Subset Number of images Description 

Training 402 254 scouting images, 148 broadcasting images 
Validation 60 31 scouting images, 29 broadcasting images 

Testing 52 32 scouting images, 20 broadcasting images 

Total 514 - 

 

 

 
 

Figure 2. Keypoint annotation of a soccer pitch with 32 reference keypoints 

 

 

  
(a) (b) 

 

Figure 3. Distribution of keypoint visibility in the Soccer Field Localization dataset: (a) the overall counts for 

each visibility class and (b) the frequency of each reference point when labeled as visible 
 

 

4.1.2. Hyperparameter settings 

Table 3 displays the hyperparameter settings in this study. This configuration compromised both 

computational efficiency and reproducibility. So, lightweight and heavyweight YOLOv8-pose variants could 

be trained using the same experimental conditions. 
 

 

Table 3. Hyperparameter settings for YOLOv8-pose model training 
Parameter Value Notes 

Epochs 500 Long schedule to ensure convergence 

Image size 640 × 640 Fixed input resolution 
Batch size 32 Balanced for GPU memory efficiency 

Optimizer SGD Stable for keypoint detection tasks 

Initial learning rate (lr0) 0.01 Default warm-up rate 
Mosaic augmentation 0.0 Disabled to preserve pitch geometry 
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4.1.3. Hardware specification 

The experimental environment is operationalized on Google Colab Pro. Google Colab Pro is a 

cloud-based platform that provides versatile computing resources for deep learning experiments. Details of 

the hardware specification can be seen in Table 4. 

 

 

Table 4. Hardware specification of the experimental environment 
Component Specification 

GPU NVIDIA A100 (40 GB VRAM) 
CPU Intel Xeon (12 vCPUs, ~2.20 GHz) 

RAM 83.5 GB 

Disk storage 112.6 GB  
Device GPU (0) 

Workers 12 

 

 

4.2.  Accuracy performance across models 

Figure 4 depicts the loss function across the YOLOv8 variants over 500 epochs. Figure 4(a) shows 

the training loss, while Figure 4(b) shows the validation loss. Figure 5 depicts the accuracy metrics across the 

YOLOv8 variants over 500 epochs. Figure 5(a) shows the mAP@0.5, while Figure 5(b) shows the 

mAP@0.5:0.95. In general, the medium model should be considered as the best model due to its lowest value 

in validation loss and its highest value in mAP@0.5:0.95 after 500 epochs. In the loss function curves, the 

nano model always has a higher amount of residual. The x-large model, on the other hand, have much faster 

reductions in validation loss and stabilizes earlier like the medium one. However, after around 450 epochs, 

the medium model clearly performs the lowest than the others. In the mAP@0.5 and mAP@0.5:0.95, the 

nano is the only model with the slowest convergence, while the x-large can still be defeated by the medium 

model, especially after 450 epochs in mAP@0.5:0.95. To support that the medium should be chosen as the 

best model, Table 5 shows the MPE of all model variants. It is clear that the medium model has the  

lowest MPE (35.67 px) than the others. It also proofs that this model can be used for more precise  

keypoint detection. 

 

 

  
(a) (b) 

 

Figure 4. Training and validation loss across YOLOv8 variants (nano, small, medium, large, and x-large) 

over 500 epochs: (a) training loss and (b) validation loss 

 

 

  

  
(a) (b) 

 

Figure 5. Accuracy metrics across YOLOv8 variants (nano, small, medium, and large, x-large) over  

500 epochs: (a) mAP@0.5 and (b) mAP@0.5:0.95 
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Table 5. MPE across YOLOv8-pose model variants 
Model variants Nano Small Medium Large X-large 

MPE (px) 76.31 60.00 35.67 55.59 67.35 

 

 

4.3.  Trade-offs in computational efficiency 

Table 6 shows the computation efficiency values across the five YOLOv8-pose variants. The findings 

demonstrate that the nano model presents the lowest latency (16.1 ms), the highest inference speed (62.1 FPS) 

and the smallest model size (7.35 MB). However, this model does not necesarilly the most practical solution for 

real-time soccer analytics as accuracy performance is also matters, not computational efficiency only. 

Combining accuracy performance in subsection 4.1 and computational efficiency in Table 6, the medium model 

achieves the most balanced solution with competitive latency (19.7 ms), inference speed (50.8 FPS) and model 

size (52.2 MB), while maintaining robust detection accuracy. The prior research has identified a similar  

trade-off between speed and accuracy in earlier works about object detection with deep learning models [29]. 

Nevertheless, the observed performance still has a limitation, where the limited dataset and fixed resolution 

(640 × 640) may favor models of medium capacity since larger models may not fully exploit their potential. 
 

 

Table 6. Computational efficiency measured in latency, inference speed and model size 
Model variants Nano Small Medium Large X-large 

Latency (ms) 16.1 16.7 19.7 22.8 23.8 

Inference speed (FPS) 62.1 59.8 50.8 43.9 42.0 
X-Model size (MB) 7.35 23.6 52.2 86.3 133.7 

 

 

4.4.  Homography mapping reliability findings 

Figure 6 reports the homography success rate of different YOLOv8-pose model variants based on 

two dataset types (broadcast and scouting). The broadcast data (20 images) yields nano 80% (16/20), small 

85% (17/20), medium 90% (18/20), large 80% (16/20), and x-large 80% (16/20). Then, the scouting data  

(32 images) has a more stable result, where nano 100% (32/32), small 100% (32/32), medium 100% (32/32), 

large 100% (32/32), and x-large 96.9% (31/32). Across the full dataset (52 images), the overall success rates 

are nano 92.3%, small 94.2%, medium 96.2%, large 92.3%, and x-large 90.4%. Two consistent trends 

emerge. First, scouting images are almost always solvable, due to the fixed vantage point and full-field 

coverage. Second, broadcast images represent the primary challenge: success rates majorly plateau near 80% 

even for the largest models, while the medium achieves 90% and thus provides the best choice for reliability. 
 
 

 
 

Figure 6. Success counts of homography mapping across YOLOv8-pose variants 
 
 

Figure 7 illustrates how strong estimation can help to overcome the outlier correspondences using 

RANSAC algorithm. The keypoint labeled as #27 (highlighted in yellow) acts as a geometric outlier of the 

pitch template. Yet, RANSAC correctly excludes it during model fitting, allowing the homography to be 

accurately recovered. In this study, the RANSAC reprojection threshold was set to 3 px, which is the default 

value from OpenCV’s library [30]. This is equivalent to about 0.47% at 640 × 640 resolution. RANSAC is 

the paradigm of choice in robust geometric fitting in the face of outlier contamination [31], and its 

effectiveness here highlights its necessity for stable homography mapping in the presence of noisy detections. 

Similar applications have been applied to sports analytics whereby strong outlier management is essential to 

registering the correct pitch [16]. 
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Figure 7. Homography mapping with RANSAC: keypoint #27 (yellow) acts as an outlier but is correctly 

excluded, enabling accurate homography recovery despite noisy detections 
 

 

4.5.  Discussion 

According to the findings in subsections 4.2 and 4.3, the medium model offers the best compromise 

as it obtains the highest keypoint detection accuracy, while maintaining computational efficiency. This 

indicates that its model complexity is already sufficient to capture the characteristic of our dataset with fixed 

input resolution (640 × 640). For deeper understanding why this occurs, we can take a look at the 

characteristic of the nano as the smallest model and the x-large as the largest model. The smaller models, like 

the nano, has lower residuals in the loss functions due to its smaller representational ability. In the contrary, 

the larger models, like x-large, cannot be the best as it cannot maximize its ability to capture the limited 

dataset with fixed input resolution (640 × 640). Overfitting can tend to be common when the model capacity 

is larger than the data used in tasks. The issue is also supported by other studies describing that a model 

capacity and dataset size are important factor for keypoint detection [32], [33].  

Taking into account the findings in subsection 4.4, this proposed system still has a limitation despite 

the robustness of the homography mapping. Figure 8 examines the two failure cases of the YOLOv8-pose 

medium model, which otherwise achieved the highest overall success rate (96.2%, 50/52 images). Both 

failures occur in broadcast images and share the same cause: fewer than four keypoints were detected. Since 

a minimum of four non-collinear correspondences is mathematically required to compute a projective 

transformation, RANSAC could not produce a valid homography. This highlights why the medium model 

could not achieve 100% reliability under broadcast data, despite outperforming all other models. In contrast, 

scouting images consistently provide enough well-distributed keypoints, resulting in perfect homography 

mapping. Similar constraints on keypoint density and spatial spread have been observed in other pitch 

registration pipelines, where insufficient features lead to mapping collapse [16]. 

 

 

 
 

Figure 8. Failure cases of YOLOv8-pose medium in broadcast data due to fewer than four detected keypoints 

 

 

In summary, three main limitations can be identified based on our findings, along with several 

potential solutions. First, the medium performs as the best model in our limited dataset with fixed input size 

(640 × 640). In practice, the variety of camera angles can be more diverse, so enlarging this dataset size with 

diverse input resolution is necessary to get more robust model. Then, the applicability of this approach may 

also be further evaluated with multi-camera setups or in other sports domains, like basketball. Second, 

keypoint density in the visible area is another bottleneck in broadcast frames. Even such estimators, like  

DLT + RANSAC, cannot find a stable homography without sufficient detection. To solve this, the dataset 
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should be improved by adding more keypoints to enhance homography stability. Additionally, temporal 

smoothing between frames based on the adjacent frame information is also necessary to reconstruct lost 

keypoints [34]. Third, accurate keypoint detection with stable homography mapping cannot stand 

independently without player tracking. Thus, integrating it with player tracking is mandatory to enable 

comprehensive tactical analysis. 

 
 

5. CONCLUSION 

This paper presents a systematic evaluation of different YOLOv8-pose model variants for keypoint 

detection and homography mapping using broadcast and scouting datasets. The results demonstrate that the 

medium YOLOv8-pose variant provides the best trade-off balance between detection accuracy, 

computational efficiency, and homography mapping reliability. Compared to other variants, it achieves the 

best detection accuracy, while maintaining real-time inference speed and model complexity. Furthermore, the 

medium variant combined with DLT and RANSAC enables robust homography mapping, not only under 

scouting data but also broadcast data, generating more diverse camera angles. Thus, this model offers the 

most promising and practical solution for real-time soccer analytics. To the best of our knowledge, this work 

provides the first reproducible benchmark of different YOLOv8-pose variants for soccer homography 

mapping. Finally, future work can focus on utilizing larger datasets with additional keypoint labels, 

incorporating temporal smoothing, and integrating a tracking system to produce more robust and complete 

real-time player homography mapping. 
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