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Abstract

:

The current gold standard for extracting highlight clips from soccer games is the use of manual annotations and clippings, where human operators define the start and end of an event and trim away the unwanted scenes. This is a tedious, time-consuming, and expensive task, to the extent of being rendered infeasible for use in lower league games. In this paper, we aim to automate the process of highlight generation using logo transition detection, scene boundary detection, and optional scene removal. We experiment with various approaches, using different neural network architectures on different datasets, and present two models that automatically find the appropriate time interval for extracting goal events. These models are evaluated both quantitatively and qualitatively, and the results show that we can detect logo and scene transitions with high accuracy and generate highlight clips that are highly acceptable for viewers. We conclude that there is considerable potential in automating the overall soccer video clipping process.
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1. Introduction


Sports broadcasting and streaming are becoming increasingly popular, and the interest for viewing videos from sports events grows daily. For example,   3.572   billion viewers tuned in to watch the 2018 FIFA World Cup [1], and as of 2020, soccer had a global market share of about   43 %   of the 250 billion USD spectator sports industry [2]. The amount of content worldwide, such as footage, event highlights, goal and player statistics, scores, and rankings, is enormous, not to mention rapidly growing, and there is a huge interest from numerous actors to consume this available content. In this respect, it is important to provide game summaries, as has been done for decades, and more recently, to dedicate streams for particular categories of events, such as goals, cards, saves, and penalties. However, generating such summaries and event highlights requires the tedious and expensive task of manually detecting and clipping events. The process of generating summaries, event highlights, and tags is often performed redundantly by different actors for different purposes.



A typical tagging center in live operation for both broadcast and streaming services is shown in Figure 1, where a first-level operator can follow one or more games concurrently, and by the push of a button at the time of an event, publish the event to users. Note that not all tagging centers neccessarily use the same kind of pipeline (two levels of operation introduced to reduce the publishing latency, by annotating first and refining the event later); however, the same type of costly operations are still required, regardless of the complexity of the labeling procedure, i.e., splitting the task into two levels, or undertaking it as a single combined procedure. The published event is then often automatically clipped using static “−A” frames and “+B” frames from the annotated event position. Depending on the available resources, a second-level manual and more fine-granular annotation operation can be performed. This is a relatively time-consuming operation, but it is of significant importance to improve the user experience of viewers.



In this context, automating the entire pipeline is considered to be the “holy grail” in sports video production, since it would allow for the faster generation of game highlights at a much lower cost and with lower latency. Here, recent developments in artificial intelligence (AI) technology have shown great potential, but state-of-the-art results [3,4,5,6,7] are far from good enough for practical scenarios that have demanding real-time requirements, where the detection of certain events such as goals and cards must have   100 %   accuracy. Even though the detection operation has by far received the most attention, it is probably the easiest initial operation in the overall tagging pipeline, which potentially includes various other operations after event detection.



In this paper, we focus on improving the second level of operations—namely, the more time-consuming and expensive, fine-grained annotation stage, where manually detected events are enhanced and refined. Automating this process has the potential to both save resources and improve quality, as this last production step is often not performed due to time limitations and costs. We aim to develop an AI-based solution to identify appropriate time intervals to highlight clips on a video’s timeline by defining the optimal start and stop point for each event. Thus, instead of a human operator manually searching frame-by-frame back and forth, we use AI technology to find scene changes, game turnovers, logo transitions, cheering, and replays to detect an event’s time interval automatically. In particular, after experimenting with a variety of Machine Learning (ML) models, we present a system that can find logo transitions using models based on ResNet [8] and VGG [9] and undertake scene boundary detection using a TransNet V2 [10] model pre-trained on the ClipShots [11] and IACC.3 [12] datasets. Cheering by players and fans can optionally be removed by detecting scenes between the event and replays. These sub-systems are then combined into an automated clipping system. Our experimental results show that both scene changes and logo transitions are detected with high accuracy, and a subjective assessment from 61 participants clearly indicates that an automated system can provide event highlights of high quality.



This work is a continuation of [13], where an initial event detection framework based on logo transition and scene boundary detection was proposed. We extend this work by making the following contributions:




	
We elaborate further on the logo detection component, providing more details on the technical implementation, and additionally present a complexity analysis in terms of execution time;



	
We elaborate further on the scene boundary detection component, providing more details on the technical implementation, and additionally present an analysis of misclassified transitions (false positives and false negatives);



	
We add a new component to our pipeline, whereby cheering and celebration scenes can optionally be trimmed;



	
We provide a more detailed description of the datasets and performance metrics we have used;



	
We run a subjective evaluation (user study) involving 61 participants in order to evaluate the quality of our overall pipeline and present the results in the form of an A/B study across various participant classes;



	
We add a discussion of the potential pitfalls of our pipeline and the generalizability of our approach.








In summary, we have developed an algorithmic video clipping system for soccer, which is able to perform in real-time, automating the most labor-intensive part of the highlight generation process and potentially reducing production costs. Such a system is applicable to various other sports broadcasts such as skiing, handball, or ice hockey, and presents a viable potential to affect future sports productions.



The rest of this paper is organized as follows. In Section 2, we provide a brief overview of related work in the fields of action detection and event clipping. We elaborate on our proposed framework in Section 3, followed by our implementation and experiments in Section 4. We present the results from our subjective evaluation campaign in Section 5. We raise a number of discussion points in Section 6 and conclude the paper in Section 7.




2. Related Work


Recent research has successfully used ML to solve video-related problems and to present viewers with video segments of desired events in an efficient manner. Here, we present selected works in the area of event detection and event clipping.



Event detection, also called action detection or action spotting, has lately received a great deal of attention. For example, multiple variants of two-stream convolutional neural networks (CNNs) have been applied to the problem [14,15] and extended to include 3D convolution and pooling [16,17]. Wang et al. [18,19] proposed temporal segment networks (TSN), and C3D [20] explored 3D convolution learning spatio-temporal features. Tran et al. [21] used (2+1)D convolutions to allow the network to learn spatial and temporal features separately. Further approaches aim at finding temporal points in the timeline [3,7,22,23,24,25,26], but even though many of these works present interesting approaches and promising results, such technologies are not yet ready to be used in real-life deployments. The reason is that most of the proposed models are computationally expensive and relatively inaccurate. In deployments where action/event annotation results are used in an official context (e.g., live sports broadcasts), these must be   100 %   accurate—i.e., no false alarms or missed events are allowed—so manual operations are still needed. In this paper, our goal is to automate the manual process of event tagging for soccer videos, while maintaining accuracy and efficiency.



In the area of event clipping, the amount of existing work is limited. Koumaras et al. [27] presented a shot detection algorithm, and Zawbaa et al. [28] implemented a more tailored algorithm to handle cuts that transitioned gradually over several frames. Zawbaa et al. [29] classified soccer video scenes as long, medium, close-up, and audience/out of field, and several papers presented good results regarding scene classification [29,30,31]. Video clips can also contain replays after an event, and replay detection can help to filter out irrelevant replays. Ren et al. [32] introduced the class labels play, focus, replay, and breaks. Detecting replays in soccer games using a logo-based approach was shown to be effective using a support vector machine (SVM) algorithm, but not as effective using an artificial neural network (ANN) [28,29]. Furthermore, it was shown that audio may be an important modality for finding good clipping points. Raventos et al. [33] used audio features to give an importance score to video highlights, and Tjondronegoro et al. [34] used audio for a summarization method, detecting whistle sounds based on the frequency and pitch of the audio. Finally, some work focused on learning spatio-temporal features using various ML approaches [15,17,21], and Chen et al. [35] used an entropy-based motion approach to address the problem of video segmentation in sports events.



These works indicate a potential for the AI-supported production of sports videos. For example, extracting temporal information can be very useful for generating highlight clips. However, the presented results are still limited, and most importantly, the actual event clipping operation is not addressed. Computing should be possible to undertake with very low latency, as the production of highlight clips needs to be done in real-time, for the majority of use cases.




3. Proposed Framework


We propose an AI-based framework for the automatic clipping of soccer videos. Our framework is based on observations from real production environments in Norway and Sweden, such as the environment shown in Figure 1. In this section, we give a brief overview of our proposed solution.



3.1. Motivation


Clipping a video event is a tedious and expensive task. For example, consider the first row in Figure 2, depicting the video frames around an event occurring at the red frame. The produced video has scene changes, where different cameras capture the event from different angles and cover different parts of the soccer field. A goal typically consists of a small part of the attack leading to the goal; then, players are celebrating, the audience is cheering, and finally, several replays of the goal are shown. The viewers often want a clip to start a little before the goal event and to include the goal itself, possibly some cheering, and a clean-cut after some replays.



To save time and promote certain events with low latency, elite soccer leagues in Norway and Sweden use a multi-level annotation scheme. The first level annotator (Figure 1a) marks the event on the timeline, tags the event with the scoring team, and publishes the event with a static clipping at the start (e.g., −A frames from the event frame) and stop (e.g., +B frames) timestamps, as shown in the second row in Figure 2. This means that the clips often start far too early or in the middle of the event of interest, and they often end abruptly in the middle of a replay. Then, if time and resources are available, a second-level annotator (Figure 1b) searches for a better clipping position in the frame sequence, which is a time-consuming and costly process. Our basic idea is to automate this second-level annotation (clipping), as shown in the third row in Figure 2, and further optimize by removing some of the celebrations and cheering to reduce the length of the entire clip (fourth row in Figure 2).



In the following, we describe a framework for automating this task through ML, using state-of-the-art deep learning models for event clipping. Our proposed framework for automated highlight generation uses a combination of logo detection, scene boundary detection, and optional trimming.




3.2. Logo Detection


A typical goal event has logo transitions between the cheering, the replays, and when the event is finished (see Figure 3 for examples from the Norwegian Eliteserien). These can be used as temporal anchors for clipping by an automated framework, and thus, it is important to accurately detect logo transitions. We propose the use of a sliding window approach, searching the video for logos and extracting relevant features, such as shapes, edges, motions, and complex patterns. The challenge here is to reduce the computational cost and memory usage of extracting these features while still keeping all the relevant information for our model. For this task, we propose the use of relatively complex state-of-the-art models that have performed well on similar tasks; i.e., we build our system based on models such as VGG16 [9] and ResNet [8]. As a comparison, a smaller CNN and a lightweight VGG, which are computationally cheaper, can be used to see how well they perform compared to the state-of-the-art models. Moreover, Zambaa et al. [29] presented good results using SVM models for logo detection, so we also test SVM together with state-of-the-art CNN feature extractors. Through this comparison, our goal is to find a model that provides sufficiently good predictions while still remaining computationally cheap.




3.3. Scene Boundary Detection


Another well-suited place to clip a video sequence is at a scene change (or a “shot boundary”) where, for example, the camera angle changes. For this task, we propose to use TransNet V2 [10]: a state-of-the-art scalable architecture for scene boundary detection that has achieved superb performance on shot-boundary datasets, such as ClipShots [11], RAI [36], and BBC [37]. The network takes a sequence of consecutive video frames and uses a series of convolutions together with handcrafted image features. The features are concatenated, and then the system returns a prediction for every frame in the input [10,38]. The TransNet model is pre-trained on transitions extracted from ClipShots [11] and the TRECVid IACC.3 [12] datasets. We propose to compare this pre-trained model with a model trained from scratch on different soccer video clips and identify the influencing factors on performance so that an optimal scene boundary detection model can be integrated into our overall pipeline.




3.4. Trimming of Cheering Scenes


Another observation we make regarding typical goal events is that the event might be followed by a variable duration of cheering and celebration scenes. The importance of these scenes depends heavily on game context, as well as the potential limit on the desired duration of each highlight clip. Therefore, we propose that the component for trimming the cheering scenes is optional, depending on whether there is a need to reduce the length of a highlight clip or not. For this task, we derive an empirical rule-based solution, taking into account the following observations: (1) scene changes between the main goal event and the replays often start with a logo transition; (2) the first goal scene is almost always from a single camera, meaning that all camera/scene changes before the logo transition are most likely spectators cheering and players celebrating; and (3) celebration scenes provide a useful context for highlight clips—therefore, a nonzero duration of cheering should be included after the goal and before the replay, albeit short if necessary.





4. Experiments and Results


In the following, we explain how we combined the individual components mentioned in Section 3 into a full-fledged automated event clipping system. We experimented with various approaches for each component of our pipeline, and we finally present two models that automatically find the appropriate time interval for goal event extraction.



4.1. Datasets


To develop our automated clipping system, we used two different soccer datasets. We used the open SoccerNet v2 [39] dataset and an in-house collected dataset of goals from the Norwegian “Eliteserien”. SoccerNet contains a large number of manually annotated, complete games with more than 100,000 different annotations across various event classes, with 1643 goals in particular, and around 150,000 scene change timestamps. Our “Eliteserien” dataset is smaller, with 300 clips of goals. These clips start 25 s before the annotated goal and end 50 s after. Furthermore, for scene boundary detection, we extracted 100 frames around each of the scene change timestamps of SoccerNet. We analyzed several sequences to get a better idea about how a goal event is built up and concluded that these events are typically structured as shown in the first row in Figure 2.




4.2. Implementation Details


Our tested models were implemented using Python version 3.7.10 (gcc version 7.3.0) with Numpy 1.19.2, Keras 2.4.3, Sklearn 0.24.1, and Tensorflow 2.4.1, and the experiments were run on a DGX-2 server. Both datasets were split into train, validation, and test sets. For Eliteserien, we split each of the 50 clips into   60 %   train,   20 %   validation, and   20 %   test sets. The SoccerNet dataset is split according to the game that the frames are extracted from, and we used the split recommended by the SoccerNet team. This resulted in 29 games for training, 6 for validation, and 5 for testing. To avoid large weight values and to prevent the exploding gradient problem, we normalized our pixel values to be centered around zero—i.e., between   − 1   and 1—similar to the pre-processing function of ResNet50 V2 in Keras [40]. Furthermore, when training our models, we augmented each image in the training set with a random degree of shear between 0 and   0.2  . Shear distorts the image along an axis to rectify the perception angles and can represent looking at an object from different angles. The images also were subjected to a random value between 0–20% of zoom for each axis independently. The lost pixels were filled with the nearest pixel’s value. There was also a   50 %   chance of horizontal flip. These augmentations happened on the fly with the use of Keras ImageDataGenerator [41].




4.3. Metrics


To evaluate the performance of different ML models, we have used precision, recall, and F1-score. Given that the true positive (TP) is the number of samples correctly identified as positive, true negative (TN) is the number of samples correctly identified as negative, false positive (FP) is the number of samples wrongly identified as positive, and false negative (FN) is the number of samples wrongly identified as negative, these metrics are defined as follows:




	Recall 

	
is a measure of sensitivity and is defined as the ratio of samples that are correctly identified as positive over all positive samples:


  recall =  TP  #  of  all  positives   =  TP  TP + FN    












	Precision 

	
is also called Positive Predictive Value (PPV) and is defined as the ratio of samples that are correctly identified as positive over all samples that are identified as positive (i.e., the fraction of retrieved samples that are actually relevant):


  precision =  TP  #  of  all  returned  samples   =  TP  TP + FP    












	F1 score 

	
is defined as the harmonic mean of the precision and recall:


   F 1    score = 2 ×   precision × recall   precision + recall   =   2 TP    2 TP  + FP + FN    

















In addition to the above metrics, system performance metrics such as complexity, processing speed, and resource consumption are of interest. In our work, we have used the achieved frame rate (FPS) as a metric representing the ability of the system for performing in real-time.




4.4. Logo Detection Performance


As mentioned in Section 3, we used VGG16 [9], ResNet [8], a simple CNN, and a lightweight VGG for the task of logo detection. To train the CNN models, we initialized the weights using the Glorot uniform initialization [42] with the Adam optimizer [43] to improve the weights. We used binary cross-entropy as the loss function. Because ResNet50 V2 comes with pre-trained weights on ImageNet [44], we used these, and all data were pre-processed as described above. In general, we used a learning rate of   0.001   and a batch size of 32. We ran training with early stopping using a patience of 10 epochs, meaning that we stopped if the loss of the validation set did not improve for 10 epochs. We also reduced the learning rate by a factor of 10, with a patience of 7 epochs on plateau, meaning that there was no improvement for validation loss. This was to fine-tune the model in the last epochs. We ran training for a maximum of 40 epochs. For both Eliteserien and Premier League data, we used several input resolutions and switched between RGB (3 channels) and grayscale (1 channel) images as a trade-off between computation time and accuracy. To train the SVM models, we started by extracting features either using the VGG16 network or the simple CNN. Then, we used a grid search for hyper-parameter tuning (across different regularization parameter and learning rate values), which returned the best estimator. We defined a max iteration of 100 epochs.



Table 1 shows the top 10 models for the Eliteserien dataset, as tested on 50 different clips. It can be observed from these results that there is a good performance on the test set, with the VGG-inspired model using a grayscale   54 × 96 × 1   input reaching   100 %   recall and precision. The SVM-based model with different inputs shows similar scores, albeit slightly worse. We noticed that some models had a significant decrease in performance, especially on the recall, between the training and testing. This may be due to overfitting, which is discussed in Section 6. The models correctly identify more than 15 frames, meaning they will still perform well as part of the logo detection component. As the test set is quite small and includes some team logos that are not present in the training set, even one misclassified logo frame can have a significant impact on the recall. While investigating the performance of the models on the full clips from Eliteserien, we deduced that all models perform well enough to find all logos we tested on without any false positives.



Table 2 shows the top 10 models for the larger Premier League dataset (extracted from SoccerNet), using the best configurations tuned on the validation set. The results for the CNNs are overall good, where the models are capable of finding most logos with few false negatives. If we consider the two-level tagging scenario mentioned earlier, where the first level marks the event on the timeline and publishes the event with a static clipping at the start (−A frames from the event frame) and stop (+B frames) times (see Figure 1a), our module will have significantly fewer background frames, and the false negatives are a much smaller problem. We find that, even with more complex logos, our strategy works well.



Finally, to determine whether logos can be detected in real-time, we present the computational efficiency of various models and inputs in Table 3. Regardless of the tested configurations, we observe that the processed frame rate is far beyond a 30 or 50 FPS real-time threshold. Even though the execution cost for the different CNN models is relatively high, we do not need to compromise in order to get acceptable performance in practice.



For use in our final system, we select the best-performing models on both datasets. The best model for Eliteserien is VGG-inspired with an input resolution of   54 × 96 × 1   (  100 %   F1-score), and the best model for SoccerNet is ResNet with an input resolution of   108 × 192 × 3   (  99.7 %   F1-score).




4.5. Scene Boundary Detection Performance


As mentioned in Section 3, we used the TransNet V2 [10] model for the task of scene boundary detection, which comes with a pre-trained model. We first compared the pre-trained model with the model trained on our soccer clips exclusively.



The SoccerNet scene boundary detection (SBD) dataset is a set of clips made from all shot boundary transitions in SoccerNet [39], classified into abrupt, smooth, and logo transitions. TransNet V2 takes 100 frames as input in   48 × 27   resolution, and we therefore extracted 100 frames from each shot boundary. To make it more robust towards the variable placement of the boundary frame, we randomly selected a frame between frames 30 and 60, which were considered the shot boundary. We also made sure that close shot boundaries were also annotated for each of our clips. The dataset contains over 150,000 shot boundaries, with 43,000 logo transitions, 85,000 abrupt transitions, 28,000 smooth transitions, and 153 labeled “other”. The dataset uses the same train, validation, and test split as provided by [3] in order to evaluate full-length matches as well. For the presented results, we used a tolerance of a predicted value of   δ = 24   frames, meaning the prediction must be within a distance of 24 frames of the actual scene change to be considered a true positive (correct prediction).



We start by testing on the SoccerNet SBD dataset to identify the performance on extracted scene changes. The results are presented in Table 4. There are only small differences, but we can observe that the pre-trained model performs better than the model trained from scratch on all classes except for the abrupt class. On the abrupt class with the trained model, we observe a higher recall than that of the pre-trained model. We experience the same when we combine abrupt and gradual transitions in one metric. In the context of the function the component has in our system, we prioritize precision over recall, as the recall is high for both. The consequences of a false positive are more severe than those of a false negative, as it may result in a clip in the middle of a scene sequence. A false negative will lead to the system making a default cut, but false positives will potentially fool the system into including/excluding scenes that it is not supposed to.



To determine how accurately the model can predict scene changes on the entire videos, not only the single boundary clips, we repeated the experiment on the full SoccerNet test set, containing 100 full-length games. The results are shown in Table 5. The recall performance is in line with the previous test, but we observe lower scores in general.



When analyzing the results per game, we observed an almost perfect score of above   90 %   for some, while models predicted hundreds of false positives for others. This may be due to various match properties, such as team jersey and advertising board colors, lighting conditions, production style, etc., which caused a model to detect false positives. It is also possible that the quality of some of the annotations was poor, as false positives were clustered in the same matches. However, to investigate further, we manually reviewed some of the false positives and false negatives predicted by the pre-trained model.



We started with the matches from the test set from Premier League season 2016–2017. More carefully checking a large number of “false predictions”, we observed that several of them were wrongly classified as false; i.e., the annotators seem to have missed or omitted several scene changes in the annotation process. To identify more details, we analyzed 10 random soccer periods from 10 different games. After thoroughly considering 1378 false positives, we surprisingly learned that only 2 of them were actual errors. Almost all cases of the false negatives we observed were abrupt or smooth transitions. Moreover, looking at the false positives in Figure 4, it is possible to observe the change of the background, which may easily be misclassified as an abrupt or fade transition. For false negatives (scene boundaries that the model misses to identify), we observed that these were mostly logos and smooth transitions. As illustrated in Figure 5, these are very challenging cases.



Overall, we conclude that our scene boundary detection component has a good performance, and due to the slightly higher values for the pre-trained model, we use this model in our final pipeline. It should be noted here that in order to remain consistent and comparable with existing studies using the same well-established and benchmarked dataset, we chose to use our results based on the SoccerNet dataset as it is (without modification, e.g., with respect to potentially mislabeled samples) in our final pipeline.




4.6. Optional Trimming Performance


Our system can optionally remove cheering and celebration scenes to further reduce the length of a highlight clip. This is done by identifying scene changes between the main goal event and the replays, which often start with a logo transition. The first goal scene is almost always from a single camera, meaning that all camera/scene changes before the logo transition are most likely spectators cheering and players celebrating.



After the goal, we include X seconds of celebration. Empirically derived, we search for a scene change between 5–10 s after the goal, but if not found, we clip after 8 s by default. In order for the replay clips not to come in abruptly, we also include a part of the last scene before the replay begins; i.e., up to the last Y seconds of the last scene before the replay is included, with a maximum of 5 s. Our assumption is that a replay always comes with a logo transition before or after. If two logo transitions are detected, we assume that the replay begins after the first.




4.7. Final Pipeline


In our final pipeline, we combine the three components described above. In Section 4.4, we have shown that the logo transition detection component performs well on both logo frame datasets. The best model for Eliteserien is VGG-inspired with an input resolution of   54 × 96 × 1   (100% F1-score), and the best model for SoccerNet is ResNet with an input resolution of   108 × 192 × 3   (  99.7  % F1-score). We use these models in our final pipeline. In Section 4.5, we achieved good results from training TransNet V2 [10] on SoccerNet; however, it did not outperform the pre-trained model trained on ClipShots [11] and IACC.3 [12]. We therefore use the pre-trained model in our final pipeline. In Section 4.6, we described our initial tests to find suitable thresholds for trimming the video clip further by removing frames between the goal event and the replay. This component was designed by examining the production patterns in real soccer broadcasts. Clipping at scene changes can improve the quality by avoiding the scenario where a clip starts a few frames before a scene change. This utilizes the broadcast production as well, as a scene changes often happen when something exciting happens.



Our clipping system is depicted in Figure 6. The input to the system is a frame sequence containing an annotated event from the first-level tagging operation, with enough video available on both sides of the event’s point in time. The system first identifies logo and scene boundary transitions, which are marked with timestamps. These timestamps are then used by a video processing module, which converts the input frame sequence into a final highlight clip based on the clipping protocol described in Algorithm 1.



As shown in Figure 6, the SBD component is run from the start of the frame sequence and identifies a set of temporal anchor points (timestamps) that are potential clipping points. The logo transition detection component is run between the event itself and the end of the frame sequence and returns temporal anchor points that are potential clipping points for the end of the highlight clip. Together with the temporal anchor point of the annotated event itself (manually tagged by the first-level operator), these anchor points are inputs to the clipping procedure described in Algorithm 1 as scene change transitions, logo transitions, event, and the actual clipping is undertaken by the module shown as “video processing” in Figure 6.



The clipping protocol works as follows (Algorithm 1): it determines the start point based on the scene that starts 12 to 5 s (startInterval) before the goal event. It chooses the scene furthest from the event. If there is no scene change, a default value of 10 s (defaultStart) is used. The end point is chosen to be in the middle of the last logo transition, or if no logo transition is found, as the last scene between 8 s (defaultCut) and 25 s (defaultEnd) after the event. The defaultEnd value is used if no scene change or logo transition is found. If the option to trim celebration scenes is enabled, the first 5–10 s (cutInterval) after the event are searched for a scene change to identify the start of the cut. If no scene change is found, then the defaultCut value is used as the start of the cut. All frames between this point and the first logo transition are cut.



	Algorithm 1: Clipping protocol for goal events.



	 [image: Make 03 00049 i001]










5. Subjective Evaluation


The quality of a highlight clip is strongly subjective. Therefore, we also evaluated the performance of our pipeline in terms of end-user perception, in comparison to the static clipping method used by the industry today. We ran a subjective evaluation campaign via an online survey, where the participants were asked to visually compare and score different clipping methods. In particular, our goal was to benchmark the static clipping method with our pipeline (automatically generated highlight clips, with and without cheering scenes).



In total, 64 people participated in a user study, giving their consent for the collection of their metadata and answers. Participant metadata consisted of information about the participants such as age, gender, whether they have an interest in sports/soccer, their viewing habits, and whether they have video editing experience. In order to limit the length of our user study to 10–12 min, we randomly selected five events representing different goal situations as listed in Table 6. We ran the following algorithms in various combinations on these five events:




	
Original: The default static clipping of −A and +B seconds around the identified point in time where the event happened;



	
Our model—full: Automatic clipping using logo transition and scene boundary detection;



	
Our model—short: Automatic clipping using logo transition and scene boundary detection, where we also shortened the clip by removing cheering and celebration scenes.








In each question corresponding to one event, a brief description of the event was provided, and the participants were asked to rate two alternative clips on a scale between 1 (very poor) to 10 (broadcast ready) and optionally give comments. Overall, all participants assessed the same 10 clips, in the same pairwise fashion, to provide trustful results and direct comparisons. After removing 3 outliers (participants who responded with a maximum rating to all clips), we ended up with 61 participants, male and female, in an age range between 19 and 59 years old.



Figure 7 presents the results from our study, in the form of an A/B test. The overall scores over all participants are shown in Figure 7a. As we can observe, our models received better scores over all comparisons, and the additional clipping that removed cheering scenes produced the most preferred highlight clips. Our “short” model received an average score of   7.40  , our “full” model an average of   6.84  , and the original model an average of   5.89  . Details about the scores for each participant class can be found in Table 7. Among the participant class (b), those with video editing experience, two participants were professional editors. Both confirmed that our models result in a significant improvement over the original; i.e., giving our models   1.58   and   3.08   higher average scores on the Likert scale, respectively. However, the results also show that there is still some room for improvement. Considering the additional features often employed by traditional broadcast productions, such as scene fading, custom transitions, new audio tracks targeted for specific clips, etc., to improve viewer experience, it can be said that automated pipelines have some room to improve.




6. Discussion


Our proposed pipeline generates highlight clips that are accurate in terms of capturing logo transition and scene change boundaries, as well as being better perceived by viewers compared to traditional clipping methods. However, there was an open issue that we would like to address in this section.



Taking into account the results from Section 4.4 for Eliteserien and comparing the performance of various models on the validation and test sets, we identified a possible overfitting problem. Figure 8 presents the learning curves for Simple CNN and ResNet, where ResNet training ran for 12 epochs, and the simple CNN ran for 14 epochs. For the ResNet model (Figure 8c,d), the validation loss stops improving already after two epochs, while the training loss keeps improving. This suggests overfitting. The simple CNN model has a steadier decrease of loss before it stops improving afterseven epochs. This can be the result of a small dataset and low complexity.



Focusing in detail on the logos that are missed, we observed that most are within the first five frames of a team logo transition, and we noticed that these team logos are not present in the training set. To tackle this problem, we generated a synthetic dataset to train the models to recognize all team logos. We created a logo collection by extracting images from both Eliteserien and Premier League using the FFmpeg tool and then the surrounding frames to obtain the logo transition. Each lasted for 20 frames in total, 10 of which were fade-in, 5 fully covered the logo, and 5 were fade-outs. For a number of selected models, we checked the validation results from training on the dataset supplemented with synthetic logo frames. The results of this experiment demonstrated that training with the original training set together with our synthetic logo images led to an increase of recall and helped the models to recognize team logos that were not encountered during training. However, we also observed a decrease in precision for all models, as more backgrounds were now misclassified. Although overfitting can be a significant problem for some tasks, there is a limit to how much harm it can do for the task of logo detection, due to most frames in the transition being very similar. We observed that the models only misclassify the earliest frames while still hitting all the rest. Since all the frames later in the transition were correctly classified, we did not consider the trade-off to be worth the change in this case and decided not to go forward with these models. It should also be noted that the results of our study are hard to generalize across different broadcaster domains and production environments (e.g., different leagues). As can be seen from Table 1 and Table 2, even within the same content domain (soccer video), different models can be optimal for different datasets (Eliteserien and Premier League). Model configurations and training depend heavily on the target soccer league, as different leagues even have different logo transitions, and there are different production protocols on how scenes and replays are presented. Therefore, one cannot necessarily rely on the current version of our pipeline in plug-and-play form, and our selected models may need to be re-trained with relevant datasets from the corresponding soccer league.




7. Conclusions


An AI-based production pipeline can be of great value for broadcasters and streaming services that provide sports videos. In this context, we have experimented with automating the process of event clipping from soccer videos, using logo transition and scene boundary detection, and optional trimming. We found that different ML models work best for different datasets (soccer leagues from different countries). For logo detection, a VGG-inspired CNN using a grayscale input resolution of   54 × 96   was best for the Norwegian Eliteserien dataset, achieving a   100 %   F1-score, but for the more complex English Premier League logo dataset, a ResNet using an RGB input of resolution   108 × 192   was the best fit, achieving an   0.997   F1-score. Regarding scene boundary detection, we trained and evaluated TransNet-V2 [10] on the SoccerNet shot boundary dataset but found the performance of the pre-trained version to be better, yielding an F1-score of   0.877  . We combined these models in an end-to-end event clipping pipeline. Running a subjective user study, we saw that our pipeline could consistently produce more compelling highlight clips compared to the traditional method based on static clipping, which is currently used in Eliteserien.



Based on objective metrics as well as a subjective evaluation, we showed that an automated pipeline is able to provide highlight clips of a reliable standard. We also identified that what is considered a compelling highlight clip is subjective, and there might be differences in the production strategy preferred by different viewers. Nevertheless, our work gives a strong foundation and motivation for future studies using ML to generate automatic highlight clips from soccer videos. AI-based automated systems can potentially save a great deal of manual resources and reduce costs for existing tagging centers, as well as facilitating the deployment of such centers for lower level leagues which do not have sufficient resources in the first place.



There are a number of aspects of our work that we plan to improve as future work. These include the handling of different types and even sub-types of events (e.g., different events in the same category such as corner goals, penalty goals, and counter-attack goals, as well as altogether different events such as cards and substitutions), the investigation of multiple modalities for event detection and clipping (e.g., using stadium and commentary audio alongside video), the exploration of different scene transitions (e.g., fade-in and fade-out at the cuts), and a large-scale benchmark study to compare against professionally clipped events in order to solidify the effectiveness of our system.
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Figure 1. Tagging center in live operation. Several persons involved and a large number of buttons to press in a cumbersome, error-prone, and tedious manual process, affecting costs and quality. (a) One person can follow multiple games. (b) Adding metadata and fine-granular clipping. 
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Figure 2. Example of original frame sequence and the clipping solutions. 
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Figure 3. Typical logo transitions from the Norwegian Eliteserien dataset. 






Figure 3. Typical logo transitions from the Norwegian Eliteserien dataset.



[image: Make 03 00049 g003]







[image: Make 03 00049 g004 550] 





Figure 4. The predicted false positive scene changes, where there are close similarities to abrupt and fade transitions. 
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Figure 5. Some of the transitions the model misses. 
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Figure 6. An overview of our final pipeline, over an example frame sequence where the time of the event is given as input. Frames where a cutting operation would be appropriate are found using SBD and logo transition detection, and the overall clipping protocol is described in Algorithm 1. 
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Figure 7. Subjective evaluation: preferred model per question for different participant classes. Note that two clips are compared per question. The bar legend is shown in the bottom right plot. (a) Overall (61 persons). (b) Video editing experience (17 persons). (c) Soccer fans (30 persons). (d) Not soccer fans (31 persons). (e) Sport fans (47 persons). (f) Not sport fans (14 persons). (g) Females (15 persons). (h) Males (46 persons). (i) Age 29 and below (52 persons). (j) Age 30 and above (9 persons). 
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Figure 8. Overfitting analysis: comparing training and validation loss (low is better) and accuracy (high is better). (a) Accuracy: Simple CNN. (b) Loss: Simple CNN. (c) Accuracy: ResNet. (d) Loss: ResNet. 
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Table 1. Best logo detection results on the Eliteserien test set, after optimizing the model configurations on the validation set.
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	Model
	Input
	Recall
	Precision
	F1-Score





	ResNet
	   54 × 96 × 3   
	   0.9686   
	   0.9954   
	   0.9818   



	VGG-inspired
	   108 × 192 × 3   
	   0.9686   
	   0.9954   
	   0.9818   



	VGG-inspired
	   72 × 72 × 3   
	   0.991   
	   1.0000   
	   0.9955   



	VGG-inspired
	   54 × 96 × 1   
	   1.0000   
	   1.0000   
	   1.0000   



	VGG-inspired
	   27 × 48 × 3   
	   0.9731   
	   1.0000   
	   0.9864   



	Simple CNN
	   72 × 72 × 3   
	   0.9731   
	   0.9954   
	   0.9841   



	SVM (simple CNN)
	   108 × 192 × 1   
	   0.9955   
	   1.0000   
	   0.9978   



	SVM (simple CNN)
	   72 × 72 × 3   
	   0.9731   
	   1.0000   
	   0.9864   



	SVM (simple CNN)
	   72 × 72 × 1   
	   0.9865   
	   0.9865   
	   0.9865   



	SVM (simple CNN)
	   27 × 48 × 3   
	   0.9776   
	   1.0000   
	   0.9887   
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Table 2. Best logo detection results on the Premier League test set, after optimizing the model configurations on the validation set.
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	Classifier
	Input
	Recall
	Precision
	F1-Score





	ResNet
	   144 ×  256 × 3   
	0.986
	0.997
	0.993



	ResNet
	   108 ×  192 × 3   
	0.995
	1.000
	0.997



	ResNet
	   54 ×  96 × 3   
	0.946
	0.989
	0.967



	VGG-inspired
	   144 ×  256 × 3   
	0.992
	0.992
	0.992



	VGG-inspired
	   144 ×  256 × 1   
	0.978
	1.000
	0.989



	VGG-inspired
	   108 ×  192 × 3   
	0.943
	0.994
	0.968



	VGG-inspired
	   72 ×  72 × 1   
	0.965
	0.983
	0.974



	VGG-inspired
	   54 ×  96 × 3   
	0.995
	0.753
	0.857



	Simple CNN
	   144 ×  256 × 3   
	0.978
	0.997
	0.988



	Simple CNN
	   108 ×  192 × 3   
	0.981
	0.978
	0.980
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Table 3. Logo detection execution times.
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	Model
	Input
	FPS





	ResNet
	   144 × 256 × 3   
	1798



	ResNet
	   108 × 192 × 3   
	3117



	ResNet
	   54 × 96 × 3   
	12,295



	VGG-inspired
	   144 × 256 × 3   
	94,169



	VGG-inspired
	   144 × 256 × 1   
	96,428



	VGG-inspired
	   108 × 192 × 3   
	65,281



	VGG-inspired
	   72 × 72 × 1   
	85,722



	VGG-inspired
	   54 × 96 × 3   
	86,594



	Simple CNN
	   144 × 256 × 3   
	340,936



	Simple CNN
	   108 × 192 × 3   
	341,897



	Simple CNN
	   72 × 72 × 3   
	339,099



	SVM (VGG16)
	   108 × 192 × 3   
	442



	SVM (VGG16)
	   72 × 72 × 3   
	3172



	SVM (simple CNN)
	   108 × 192 × 3   
	179



	SVM (simple CNN)
	   72 × 72 × 3   
	1103



	SVM (simple CNN)
	   72 × 72 × 1   
	883



	SVM (simple CNN)
	   27 × 48 × 3   
	14,023
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Table 4. Performance of scene detection for each transition type (abrupt scene transition, gradual scene transition, logo transition) on our SoccerNet SBD test set.
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Metric

	
Weights

	
All

	
Abrupt

	
Grad

	
Logo






	
Precision

	
SoccerNet

	
   95.66 %   

	
   98.37 %   

	
   97.66 %   

	
   76.80 %   




	
Pre-trained

	
   95.96 %   

	
98.73%

	
98.69%

	
77.26%




	
Recall

	
SoccerNet

	
   80.35 %   

	
96.63%

	
   87.51 %   

	
   33.24 %   




	
Pre-trained

	
80.67%

	
   95.58 %   

	
89.19%

	
36.06%




	
F1-score

	
SoccerNet

	
   87.34 %   

	
97.49%

	
   92.31 %   

	
   46.40 %   




	
Pre-trained

	
87.65%

	
   97.13 %   

	
93.70%

	
49.17%
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Table 5. Boundary detection results for full-length video test set.
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	Weights
	Precision
	Recall
	F1-Score





	SoccerNet
	   45.63 %   
	   78.08 %   
	   57.60 %   



	Pre-trained
	   46.88 %   
	   78.85 %   
	   58.80 %   
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Table 6. Model comparisons in the subjective evaluation.
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	Comparison ID
	Model
	vs.
	Model





	1 (corner goal)
	Original
	
	Our model—short



	2 (counter-attack goal)
	Our model—short
	
	Our model—full



	3 (cross-ball goal)
	Original
	
	Our model—full



	4 (penalty goal)
	Original
	
	Our model—full



	5 (corner goal)
	Original
	
	Our model—short
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Table 7. Detailed scores per A/B test in the subjective evaluation.
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Participant Class

	
Model Name

	
Average Score

	
Standard Deviation

	
Median






	
(a) Overall

	
Our model—Short

	
   7.40   

	
   1.98   

	
8




	
Our model—Full

	
   6.84   

	
   2.10   

	
7




	
Original

	
   5.89   

	
   2.12   

	
6




	
(b) Video editing experience

	
Our model—Short

	
   7.59   

	
   2.33   

	
8




	
Our model—Full

	
   6.67   

	
   2.42   

	
7




	
Original

	
   5.47   

	
   2.42   

	
5




	
(c) Soccer fans

	
Our model—Short

	
   7.24   

	
   2.00   

	
8




	
Our model—Full

	
   6.72   

	
   1.88   

	
7




	
Original

	
   5.82   

	
   1.98   

	
6




	
(d) Not soccer fans

	
Our model—Short

	
   7.55   

	
   1.96   

	
8




	
Our model—Full

	
   6.95   

	
   2.29   

	
7




	
Original

	
   5.96   

	
   2.24   

	
6




	
(e) Sport fans

	
Our model—Short

	
   7.20   

	
   1.93   

	
8




	
Our model—Full

	
   6.57   

	
   1.89   

	
7




	
Original

	
   5.71   

	
   1.95   

	
5




	
(f) Not sport fans

	
Our model—Short

	
   8.07   

	
   2.03   

	
9




	
Our model—Full

	
   7.71   

	
   2.48   

	
9




	
Original

	
   6.50   

	
   2.53   

	
6




	
(g) Females

	
Our model—Short

	
   7.42   

	
   1.85   

	
8




	
Our model—Full

	
   7.18   

	
   1.90   

	
7




	
Original

	
   5.98   

	
   2.09   

	
6




	
(h) Males

	
Our model—Short

	
   7.39   

	
   2.03   

	
8




	
Our model—Full

	
   6.72   

	
   2.15   

	
7




	
Original

	
   5.86   

	
   2.13   

	
6




	
(i) Age 29 and below

	
Our model—Short

	
   7.31   

	
   2.01   

	
8




	
Our model—Full

	
   6.79   

	
   2.06   

	
7




	
Original

	
   5.86   

	
   2.18   

	
6




	
(j) Age 30 and above

	
Our model—Short

	
   7.93   

	
   1.75   

	
9




	
Our model—Full

	
   7.11   

	
   2.31   

	
8




	
Original

	
   6.06   

	
   1.72   

	
6
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