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Improving esports viewing
experience through hierarchical
scene detection and tracking

Ho-Taek Joo'?, Sung-Ha Lee?3, Insik Chung® & Kyung-Joong Kim%2**

The role of an observer in esports is to provide spectators with the most engaging scenes in real

time. To automate this process, various research has been conducted. In this study, we utilize Vision
Transformer (ViT)-based object detection to enhance the accuracy of automatic observers. However,
while ViT-based detection more accurately identifies engaging game scenes, it often leads to frequent
and abrupt scene changes, reducing viewer comfort. To address this issue, we propose a novel
hierarchical structure that combines scene detection with scene tracking, maintaining high accuracy
while ensuring smoother transitions between scenes. This approach also improves inference speed,

as the tracking model is faster than the detection model. We computationally evaluated six observer
models in terms of accuracy and camera stability, with our method demonstrating significantly more
stable camera control. Additionally, user testing indicated a strong preference for our model over those
without tracking. A video comparing our method to the state-of-the-art can be viewed at https://youtu
.be/gWiU4GACZEg.

Keywords StarCraft, Esports, Game observers, Spectators

Esports, a term that refers to organized competitive video gaming, is an industry that has recently been in the
spotlight. The Esports industry is growing at an incredibly fast rate! -3, and does not present signs of declining in
the foreseeable future?.

One of the essential elements in the esports industry is the human observer. In esports, human observers are
responsible for creating an engaging viewing experience for spectators by controlling the in-game camera and
continuously presenting scenes that are critical to the game or likely to be of interest to the spectators.

However, such human observers are costly to train and hire, as they must possess high game expertise and a
deep understanding of spectators’ interests, making them unsuitable for small game competitions. Furthermore,
since multiple events often occur simultaneously across the game map, human observers are at risk of missing
important events.

Therefore, various studies have focused on developing automated observers to replace human observers in
esports. The methods being researched for the automated observer can be broadly classified into rule-based
and learning-based approaches. These methods have been applied to various games, including Defense of the
Ancients 2 (Dota 2), League of Legends (LoL), and StarCraft®. In particular, StarCraft features significantly more
units compared to Dota 2 or LoL, creating complex and simultaneous events, which pose a challenging scenario
for observing.

One of the learning-based studies® on automatic observers proposed a method for collecting human
observational data and learning human observation styles from this data. The study treated human observational
data as objects within two-dimensional spatial regions. To learn these two-dimensional spatial scenes from the
human observational data, the researchers applied object detection algorithms, demonstrating significantly
improved performance compared to previous studies. We have also partly adopted this approach in our work.

In our study, we employed Vision Transformer (ViT)-based object detection in place of the CNN-based
detection used in previous studies® to enhance accuracy. Compared to Convolutional Neural Networks (CNNs),
which were utilized in earlier learning-based observer research, Vision Transformers (ViTs) possess larger
receptive fields. This attribute grants them a superior capability in comprehending the broader context during
the feature extraction process’.
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However, while the ViT-based object detection mechanism demonstrated higher accuracy in detecting
game scenes, it exhibited notable fluctuations in continuous detection, frequently and abruptly changing scenes,
unlike the behavior of human observers. While this does not impact the computational accuracy;, it can affect the
viewing experience of human spectators greatly.

To address this challenge, we propose a method for creating a stable automatic observer while still exhibiting
high accuracy. This method integrates scene detection with scene tracking mechanism. The scene detection model
(ViT-based object detection) is designed to identify the most engaging scenes within the game. Concurrently, the
scene tracking model focuses on following the scenes pinpointed by the scene detection model. This approach
maintains the continuity and coherence of the viewing experience, effectively reducing abrupt scene shifts,
and providing a more natural and human-like observation flow. With this integrated system, our study aims to
enhance camera control and the overall viewing experience while still achieving high computational accuracy.

More specifically, the scene detection model is trained using human observational data to learn human-like
observation patterns. Meanwhile, the scene tracking model continually searches for scenes in subsequent frames
that closely resemble those identified by the scene detection model. Our proposed method is briefly shown in
Fig. 1. In Fig. 1a shows the representation of the entire map of StarCraft. The map includes StarCraft’s in-game
units, resources, buildings, etc.

The scene detection algorithm finds the red border (), given (a) in Fig. 1. The red border in the Fig. 1
represents the scene that the spectators in Esports will be most interested in on the entire screen of StarCraft,
and (c) shows the actual screen of StarCraft in the red border of (b). The scene (c) found by the scene detection
algorithm is given to the scene tracking method, and the scene tracking algorithm finds the scenes (d) most
similar to the found scene (c) in subsequent frames. In (e), the red border represents the scene found by the scene
detection method, and the green borders represent scenes found by the scene tracking method in consecutive
frames.

Another major advantage of this method is that it not only stabilizes the outputs without significantly
compromising accuracy for spectators but also greatly reduces inference time, a critical metric for automatic
observers. The primary role of an observer in Esports is to deliver real-time observation scenes to the spectators.
Most games in Esports can display smooth on-screen motion when provided with inference times reaching at
least 30 frames per second (FPS) &. If the inference time falls below 30 FPS, real-time broadcasting becomes
challenging. Therefore, the automatic observer should achieve more than 30 FPS. However, without the
integration of scene tracking, the observer relying solely on scene detection mechanisms using object detection
algorithms, such as Mask R-CNN or MViTv2, falls below the 30 FPS threshold. It is with the incorporation of
scene tracking that real-time broadcasting becomes feasible.

For the computational evaluation, We compared six different models, employing MViTv2® for ViT-based
object detection. These models include: MViTv2 with tracking, Mask-RCNN with tracking, MViTv2, Mask-
RCNN, sscait, and a human observer. We computationally evaluated both accuracy and camera stability. The
results showed that the ViT-based object detection method achieved the highest accuracy, but it demonstrated
significantly poorer camera stability. However, the inclusion of a tracking method in the learning-based models
notably improved camera stability.

In addition to the computational accuracy result, we conducted a user test to access the actual viewing
experience of the spectators. We compared the ViT-based object detection model with and without tracking
mechanism to evaluate the impact of integrating tracking. The result indicated a higher preference for our model
that included the tracking mechanism compared to those without it.
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Fig. 1. Automatic Observer Model using Scene Detection and Tracking Algorithms: Given the entire image
(a) of the game, the scene detection model finds a scene (b, ¢). When the scene detection model informs the
scene to be tracked, the scene tracking model continuously tracks it (d, e) using similarity learning. Figure was
created using draw.io (https://app.diagrams.net/).
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In summary, the main contributions of this work are as follows:

« We propose a novel hierarchical structure, integrating scene detection and scene tracking methods, to sta-
bilize camera control and create automatic observers that have behavior similar to that of human observers.

o We utilized the ViT-based object detection mechanism for scene detection to increase the accuracy of the
observer, which is novel in the context of the game observer.

« By employing similarity-based tracking, our method significantly improves inference time, which is an im-
portant factor in real-time observing.

o Our proposed observer model achieves higher accuracy with significantly stable camera control, and user
tests demonstrated a preference for our method compared to the object detection-based observer without
tracking.

Related work

Automatic observer

An observer shows the most interesting in-game scene for Esports spectators, and an automatic observer replaces
the human observer. Methods used for automatic observers can be divided into rule-based and learning-based
methods. First, rule-based automatic observers predefine interesting events according to a priority system and
display a defined event on the screen whenever it occurs. Rule-based automatic observers for StarCraft have been
developed, such as AIIDE (Artificial Intelligence and Interactive Digital Entertainment, https://www.cs.mun.ca
/dchurchill/starcraftaicomp/) for the StarCraft AI Competition and SSCAIT (Student StarCraft AI Tournament,
https://sscaitournament.com/) observers As a result, the MViTv2’. Second, learning-based automatic observers
have been studied using deep learning or machine learning. These studies also define each event and its
corresponding hierarchical importance before using deep learning or machine learning methods to predict or
classify a few predefined events, such as team fights, farming, and ambushing!®!!. Both the rule-based observer
and learning-based observer predefine events and follow them.

The limitations of previous studies are that they rely on the manual definition of events and their hierarchical
importance prior to applying deep learning or machine learning techniques. These approaches are typically used
to predict or categorize a limited set of predefined events, such as team battles, resource gathering, or ambushes.
However, despite their widespread use, these event-based learning methods have notable drawbacks. They are
incapable of identifying events that have not been explicitly defined, and the contextual nature of games means
that even the priorities of predefined events can change dynamically during gameplay. Furthermore, performing
event inference at every frame can lead to inconsistencies in detected events across consecutive frames. If similar
frames are classified as different events, abrupt scene transitions may cause confusion for spectators. Even when
the same event is detected, the lack of temporal coherence may result in unstable camera movements, leading to
inconsistent scene presentation rather than a smooth and natural viewing experience.

Object detection for automatic observer

Object detection algorithms classify what objects are in an image and predict where they are in the image.
Object detection research has grown rapidly and has begun to be applied in various fields such as face detection,
pedestrian detection, and medical image detection!?>"!>. Recently, an automatic observer study also applied
an object detection mechanism® to train the model to identify exciting scenes for spectators. In that study,
researchers collected human observational data and designated the two-dimensional scene observed by humans
as the Region of Interest (ROI). The scene observed by the human was masked with values of one, and the
remaining area was masked with values of zero and used as target data for the object detection algorithm. The
study demonstrated substantially improved performance compared to previous works, but the proposed method
takes a long time because it finds areas of interest by performing object detection algorithms in every frame.

Visual object tracking with Siamese network

Visual object tracking (VOT) automatically tracks specific objects in a given video where the object is in the first
frame. That is, given the initial state of a target in the first frame of a video sequence, VOT aims to automatically
obtain the states of the object in the subsequent video frames. Recent methods using Siamese networks for
VOT have been developed, such as naive cross-correlation'® and depth-wise cross-correlation!”!8, Recent
Siamese network-based object tracking algorithms use a target image of the first frame in a video image and a
search image that becomes an area to be found in the next frame as input. Because the similarity between two
input images is learned offline, additional online learning and parameter fine-tuning are not required, so these
algorithms have the significant advantages of fast speed and high accuracy.

Vision transformer

The Vision Transformers (ViT)! have emerged by adapting the highly successful transformer architecture?
from natural language processing to visual processing. Their approach is to divide the image into small patches
and then use a self-attention mechanism to learn the relationships between these image patches. The initial
ViT started with image classification tasks and has demonstrated impressive performance across a variety of
domains, including object detection®'?> and object tracking®**. However, transformers inherently require
longer computational times than CNN due to the quadratic complexity of self-attention mechanisms!®. This
issue becomes particularly pronounced in tasks requiring high-resolution images or where speed is crucial,
such as object detection and tracking, leading to a preference for CNNs>>%¢ in these areas. Despite these issues,
recent advancements like multiscale?” and window attention?® significantly reduced computational times. These
developments have enhanced the speed of vision transformers to a level suitable for real-time applications®**.
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Utilizing these advancements, we have developed a transformer-based observer that surpasses prior CNN-based
models in speed and accuracy.

StarCraft dataset
The proposed framework is divided into two main modules: scene detection and scene tracking models. These
models are trained separately, with datasets specifically designed for their individual requirements.

Dataset for scene detection

We used a human StarCraft observational dataset from the work®. The dataset consists of 21 StarCraft game
datasets, called replay files, that contain in-game states and the (x, y) coordinates of where humans watched at
each frame. Each game replay is watched by five different people, aiming to capture collective human viewing
tendencies, especially in complex situations where multiple events occur simultaneously, and each person may
focus on different aspects. In such cases, data from a single individual may not be reliable. The total amount of
data is approximately 420,000 frames (= about 4,000 frames per game X five times per game X 21 game replay
files).

The primary purpose of this dataset is to train a model that can predict areas of human interest within
StarCraft replays based on the in-game state. This dataset is expected to train an AI model that can present the
most engaging scenes for viewers. The AI model will detect multiple simultaneous events and select a single
viewport based on the event with the highest predicted probability.

Dataset for scene tracking

We adapted a human StarCraft observational dataset from the work of Joo et al.¢ for scene tracking. Observational
patterns in game viewing typically involve a cyclical process of event discovery followed by the tracking of these
events. Accordingly, the dataset was segmented into two distinct parts: one for the initial identification of events
(scene detection) and the other for the subsequent tracking of these events (scene tracking). In the process
of selecting appropriate data for scene tracking, the focus was on the spatial continuity between consecutive
frames that were observed by human viewers. Specifically, when the area of overlap between consecutive frames
exceeded 50%, it was inferred that the observer was engaged in a tracking action. Additionally, given that the
tracking dataset essentially constitutes trajectory data across consecutive frames, a subset of data was extracted
where a minimum of 50% overlap was consistently maintained across a sequence of 12 frames.

Method
In this research, we present a novel hierarchical architecture for an automatic observer model in Esports. This
model is specifically designed to identify and continuously monitor the most engaging scenes for viewers. The
architecture consists of two main components: the scene detection network and the scene tracking network.
The scene detection networK’s role is to identify the most exciting moments within a StarCraft game. Once
an engaging scene is identified by the scene detection network, the scene tracking network steps in. Its function
is to keep track of and follow scenes that are similar to the initially identified one, doing so over subsequent
frames. This process creates a sequence of data that continuously focuses on the initially selected scene, ensuring
a consistent and engaging viewing experience.
In the lower part of Fig. 2, various StarCraft scenes are illustrated. Those identified by the scene detection
network are marked with red borders, while those followed by the scene tracking network are enclosed in blue

Entire Game Image
Input, First Frame|

- [
'

(input, Fi ) '
1

'

1

:

1

(backbone) 1

1

'

'

1

1

'

'

'

1

1

E 1
1

1

i '

8 x 128 x 128
Human Observational Data

(Target Data)

i
1| Current Entire Game Image
(that change every frame) 9(f(zz)) 1x128 x 128

I Scene
, Detection
'+ Network

Score
Pixel
Map

8 x 128 x 128

fae it

> CNN

i 1 Scene
H ' Tracking
'

1. - - -1 Network

ViT

T 8x 128 x 128 gt [—> CNN | loU

Predicted Scene - :k |
by Object Detection Model i opt

18 x 128 x 128

f(z @)

SparseMaz NN Shared

Parameters

MViTv2 Labels

FPN Depth-
Wise
Production

Class
! Score
RPN

Bbox

Bounding
Box

Cross

Masked "
o Correlation

Data

*

-—)

Similarity
Learning

Siamese-
based
Network
Spatial
Attention
Network

Tailed

Predicted Scene by Scene Detection Networkl |

Predicted Scenes by Scene Tracking Network ‘ Branches

Fig. 2. The overall architecture of our method. Figure was created using draw.io (https://app.diagrams.net/).
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borders. The image within the red border depicts the initial scene selected for tracking. On the other hand, the
images within the blue borders show subsequent frames where the scene tracking network has successfully
located scenes similar to the initial scene identified in red. For example, an image within a red border might
show a blue attack unit (Zergling) pursuing a red unit (Probe). The subsequent images in blue borders, identified
by the scene tracking network, would then display the continued tracking of this interaction.

Scene detection network with ViT (MViTv2)
The role of the scene detection network in the overall structure is to search for the most exciting scene in the
entire StarCraft map. The scene detection network’ for an automatic observer is designed to learn the style of
human observers based on human observational data. The scene detection network utilizes MViTv2, a ViT-
based object detection model that specializes in capturing both fine details and broad contextual information
within images. This proves to be a significant advantage in the Starcraft Observer, as it necessitates the find scene
based not only on the interest of the local scene but also their contextual relevance within the entire game screen.

As shown in the red dotted box in Fig. 2, the scene detection network receives the entire StarCraft game map
image, whose size is (8 x128x128), and finds the most exciting scene, whose size is (8 x20x12). The model’s
target data are two-dimensional spatial scenes observed by N humans while watching StarCraft replays. The size
of the target data is (/N x128x128) and is the same as the map size of the input data.

The loss functions consist of the mask loss -Zask, the classification loss -Z.;s, and the box loss %os as
follows.

ﬂotal = fmask + o%ls + o(fbboac (1)

The mask loss Zqsk is to determine the extent to which the human observational data and the predicted scene
overlap. The mask loss is the average binary cross-entropy 3!. The classification loss function -%Z.;5 determines
whether the predicted scene is a target data (1) or not (0). The loss function is also binary cross-entropy.
Finally, The bounding box loss function is similar to regression loss. The model predicts four coordinates
(Zmin, Tmaz, Ymin, Ymaaz ) in the target data. The bounding box loss function Zhp0x applies smooth L1 loss32.

Output The scene detection network finally predicts “masked data,” “bounding boxes,” “labels,” and “class
scores” Among the four predicted values, “masked data,” and “bounding boxes” are also used in the scene
tracking network. Masked data refers to the most exciting scene (8 x20x12) on the entire map (8x128x128).
Bounding boxes is predicted coordinates for (Zmin, Ymin; Tmaz, Ymaz ) for target data.

Scene tracking network

The role of the scene tracking network is to keep track of the scene that is most similar to the scene the detection
network finds each time the image in the current frame is updated. The scene tracking network is surrounded
by a blue dotted line in Fig. 2. The scene tracking network is divided into Input data, Siamese-based Network,
Spatial Attention Network, and Tailed Branches, which are described in detail below.

Input data The input data for the scene tracking network are a pair of image patches (denoted as z, found by
the scene detection network) cropped from the first target frame and the current frame image (denoted as x) for
tracking in Fig. 2. Here, the z image is fixed until another event occurs, and the x image is the entire game image
that changes over the frame, which is the smallest unit of time in the game.

Siamese-based network for similarity learning Siamese neural network®® is the method for employing a
structure to learn the similarity between inputs. A siamese network is commonly trained based on an image
dataset with RGB (Red, Green, Blue) channels, but the dataset’s channels for automatic observers are divided
according to the characteristics of in-game data (e.g., ground units, air units, buildings, etc.) Therefore, we used
a modified version of the existing siamese network.

f(z,2) = (¢ (2) * ¢ (z)) 2)

where the input z is the StarCraft scene inferred by the scene detection network, and the input x is the current
frame image in Fig. 2. And where ¢(.) denotes a channel-wise Convolutional Neural Network (CNN) layers, x
denotes the cross-correlation operation, and t(.) denotes the depth-wise CNN layers*.

The depth-wise CNN layers 1(.) are used in siamese networks, but the channel-wise CNN layers ¢(.) are
newly applied in our method. The reason for only applying channel-wise CNN layers ¢(.) is that the StarCraft
data have unique properties for each channel. Channel-wise CNN layers mean that each channel of input data
is passed through convolution layers, but the results of each channel are not summed, unlike regular CNN
layers. The final cross-correlation operation'® is based on the obtained maps by channel-wise CNN layers. Cross-
correlation usually locates a smaller image z within a larger image x by learning similarity. As a result, the output
f(z, x) represents the similarity at all translated sub-windows on a dense grid between inputs zand x, and the goal
of the network is to obtain the maximum value of similarity on f(z, x).

Spatial Attention Network We proposed the spatial attention network that helps to find the most similar
location on the f(z, x) map by filtering out dis-similar scenes. The f(z, x) map shows which part of x is similar
to image z for each channel that contains in-game features. To calculate the importance of each channel, which
represents in-game features, the spatial attention network goes through a 1x1 CNN layer. In other words, this
CNN layer is summed by applying only the weight for each channel, and it determines which channel is used
with the most importance. As a result, the spatial attention network first obtains a convolutional feature map
g(flz, x)) and then computes an attention mask a; emphasizing the most similar scene. The attention mask
represents the probability distribution for all pixels (i, j) on the feature map g(f(z, x)) using the softmax or
sparsemax operators>®, emphasizing pixels with high similarity.
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ay =sparsemax(g(f(z,x))), so that Zat(i,j) =1 3)
6]

(4)

o, if oy > threshold
o= 0, otherwise

Finally, the obtained map « (%, j), which represents high similarity, is followed by three additional predictors.

Three-tailed branches for finding the most similar scene The loss functions for three branches are designed
based on SiamMask>®. The bounding box (Bbox) loss is cloned from SiamMask, the score pixel map (SPM) loss
was additionally proposed, and the IoU loss is modified from SiamMask.

« Bbox branch: The branch predicts the central coordinates of the square box of the predicted scene. This
branch computes the smooth L1 loss*? between the scene tracking network’s predicted Bbox and the scene
detection network’s Bbox output (Zmin, Ymin, Tmaz, Ymaz )-

05(Z — 2)2 lf ‘Z — 2' <1 (mmzn + mmaz) (ymzn + ymuz) c 2 (5)
|z —2| — 0.5 otherwise 2 ’ 2

Lybor = {

o SPM branch: The SPM branch predicts the largest value of a (i, j) corresponding to each grid cell. The
ground truth is also the scene detection network’s bounding box output, like the Bbox loss.

0.5(z—2)? ifjz—2 <1

! _ . .
|z—2| — 0.5 otherwise z = argmaxa(i, j) ©)

Lsu = {
a
« IoU branch: This branch measures the extent to which the predicted scene overlaps with the target data. The
predicted scene is created through box coordinates, and the target data are human observational data. Here,
if the overlapping area is 70% or more, it is 1. Otherwise, it is 0%

Intersection(B, B*)

loU” = Union(B, B*) @)
where B is the predicted bounding box and B* is its corresponding ground-truth target data.
Liut — {1, if ToU > threshald(():?) )
0, otherwise
Training Objective We optimize a training objective in the scene tracking network as follows:
Liotar = M Lbbox + A2Lsm + A3L1ou 9)

where A1, A2, Az are hyperparameters.

Experiments

Implementation details

For the dataset for evaluation, As mentioned in section 3, we used 21 StarCraft game datasets, which can be
divided into two types. The 15 game dataset with fixed starting locations, maps, and species, and the 6 game
datasets with different starting locations, maps, and species. Here, 15 game datasets are evaluated using 3-fold
cross-validation, and 6 game datasets are only evaluated for generalization performance. For hyperparameters,
we set A1 = 0.01, A2 = 1, A3 = 0.2. And for implementation setup, we used the AdamW optimizer to train our
method for 20 epochs. The batch size was set to 32, and the learning rate and weight decay were both set to
1 x 1074, After training for 10 epochs and 15 epochs, the learning rate decreased to 1 x 10 %and 1 x 1078,
respectively. The entire training process took approximately 10 hours on an NVIDIA RTX 2080 Ti GPU.

Baselines
We evaluated our method and compared it to the previous rule-based and learning-based automatic observer
methods in StarCraft. The baselines are as follows.

SSCAIT observer The SSCAIT Observer’, represents a rule-based system designed to control the in-game
camera by following predefined events, which are prioritized based on a set scoring system. Developed specifically
for the automatic observation of StarCraft Al competitions, it exemplifies a traditional approach in game
observation automation. Mask R-CNN observer The Mask R-CNN Observer employs deep learning techniques
for automatic observation in StarCraft. This method leverages object detection algorithms to anticipate scenes
likely to be focused on by human observers. Selected as a baseline for its recency and superior performance,
the implementation adheres to the hyperparameters and dataset specifications detailed in®. Mask R-CNN
observer with scene tracking (Ours) Building upon the Mask R-CNN framework, this method introduces
scene tracking into the scene detection process. Targeting StarCraft’s typical 24 frames per second gameplay, it
applies scene tracking every (24N) frame, ensuring continuous observation of the same scene. This dual-stage

Scientific Reports |

(2025) 15:9803 | https://doi.org/10.1038/541598-025-93692-0 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

process first identifies specific events using Mask R-CNN in the initial frame of each (24N) sequence, followed
by sustained tracking of these events throughout the subsequent (24N — 1) frames. MViTv2 observer (Ours)
This observer is based on the MViTv2 model, a Vision Transformer (ViT)-rooted object detection paradigm.
It is designed to offer an advanced interpretation and analysis of game scenes, leveraging sophisticated object
detection methodologies. MViTv2 observer with scene tracking (Ours) This approach parallels the Mask
R-CNN Observer with Tracking but utilizes the MViTv2 model. It identifies specific events in the first frame of
every (24N) frame sequence, employing scene tracking techniques to maintain focus on these events throughout
the remaining (24N — 1) frames.

Evaluation and results

We conducted a comprehensive assessment to evaluate our model’s suitability and performance within the
context of Esports. This evaluation addressed various aspects such as scene selection accuracy (regarding the
engagement of scenes for spectators), inference time (to ensure real-time application feasibility in Esports), and
the naturalness of screen transitions (aiming to enhance the viewer experience).

1. Quantitative evaluation

Evaluation for selecting engaging scenes

In esports, the primary task of the observer is to select interesting game scenes for the general audience. To
evaluate how well the automatic observer’s view aligns with spectator interests, we used observational data from
multiple human viewers per game-five in our case-, as the ground truth. We then assessed the overlap between
the predicted scene by the observer and the scenes observed by the human viewers. The evaluation focuses on
how closely our findings align with general human spectating data. We assessed the model’s ability to identify
scenes that capture spectator interest using standardized metrics.

As previously discussed in Section 3 on data collection, the ground truth data for our model is derived from
the viewing patterns of human spectators. For each StarCraft match replay, five spectators were assigned to
observe the game, and their observational data was used as the ground truth. When our AI model predicted
a viewport, we evaluated its accuracy using the Intersection over Union (IoU) metric, a standard measure in
object detection. IoU is calculated as the ratio of the overlapping area between the predicted viewport (VP) and
the human observational viewports (VH) to the total area of their union, as defined by the following equation:

IoU — Area of Overlap  |[VPNVH|
" Area of Union = |VPUVH|

(10)

However, this metric was adapted for our evaluation, considering that the ground truth should reflect the
combined viewports of all human observers, rather than a single observer’s viewport. The model’s performance
is better evaluated by measuring how well the predicted viewport aligns with the combined viewports of all
spectators. This can be quantified using the following equation:

Area of Overlap with Human Viewports _ |[VP N (VHoU,...,UVH, 1 UV H,)|

Perfi =
eriormance Area of Predicted Viewport |V P|

(11)

Here, n is the number of human observers, and V H,, is a viewport of the nth observer. A large overlapping area
between the predicted and human viewports indicates that the model’s predictions closely resemble general
human observational behavior. The overlapping area was calculated for each frame and averaged across the
entire testing replay, providing a robust quantitative evaluation of the model’s performance.

Table 1 presents the performance in terms of Average Overlap (AO) for six baseline models across different
game progression phases, focusing on accuracy. An in-depth examination reveals that the MViTv2 model
without tracking exhibits the highest accuracy with an AO of 0.6561, closely followed by its counterpart with
tracking at an AO of 0.6294. The Mask R-CNN without tracking ranks third with an AO of 0.5880, slightly ahead
of the Mask R-CNN with tracking, which has an AO of 0.5819. The human observers are next with an AO of
0.5079, and the SSCAIT system records the lowest accuracy at an AO of 0.4490.

When examining the impact of tracking on algorithm performance, models without tracking tend to achieve
higher accuracy. This superior accuracy is attributed to the models™ strategy of basing predictions solely on
closeness to the ground truth data for each frame. While effective in maximizing accuracy, this approach leads to
frequent scene changes and potentially jittery camera movements, which could distract the viewer. In contrast,
models that incorporate these features create a more stable and consistent viewing experience, as demonstrated

Progression | SSCAIT | Human | Mask R-CNN | Mask R-CNN w/ scene tracking (Ours) | MViTv2 (Ours) | MViTv2 w/ scene tracking (Ours)
Start ~ 1/4 0.3874 0.5227 | 0.6716 0.6661 0.6974 0.6695
1/4 ~ 2/4 0.4562 0.5030 | 0.5893 0.5769 0.6445 0.6137
2/4 ~ 3/4 0.4519 0.4994 | 0.5548 0.5469 0.6393 0.6105
3/4 ~ End 0.4609 0.5064 | 0.5364 0.5376 0.6434 0.6239
AO (average) | 0.4490 0.5079 0.5880 0.5819 0.6561 0.6294

Table 1. The AO benchmark.
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in the evaluation of camera control and user testing. They achieve this by continuously identifying and following
similar areas from frame to frame once a region close to the ground truth has been pinpointed. This method
enhances viewer comfort by reducing abrupt scene transitions, although it may miss rapid and transient changes
in the scene content, slightly compromising accuracy. Despite this, the benefits of tracking-significantly faster
inference speeds, smoother transitions, and greater stability-are crucial for live broadcasting and spectator
experience.

Evalution for inference time (FPS)

Considering the real-time nature of Esports, the speed at which our model processes outputs was evaluated. The
aim was to ensure that the model operates within the time constraints necessary for live Esports broadcasting
without compromising on the quality of the output. We conducted an assessment of the inference time for four
leading learning-based observer models, as identified in Table 1.

This evaluation was measured in frames per second (FPS), a crucial metric for determining an observer’s
ability in the context of real-time Esports broadcasting. For effective live Esports broadcasting, a minimum
performance threshold of 24 frames per second is required.

As represented in Table 2, our proposed tracking-based observer models demonstrate significant processing
speeds of 93 and 85 FPS in the StarCraft game environment, which is surpassing the commonly accepted
threshold of 60 FPS. These results indicate a notable improvement over existing models, addressing one of the key
challenges Esports observation: maintaining real-time inference speeds for broadcasting while ensuring reliable
tracking accuracy. Notably, this represents approximately a sevenfold increase in tracking speed compared to
observer models without tracking, since the tracking model is much lighter than the object detection model.
Consequently, our models have successfully achieved the requisite inference speed for seamless integration into
live Esports broadcasting environments.

Evaluation of camera control

We have developed an evaluation method for stable camera control to quantitatively assess whether the observer
has stable camera control. For the camera control evaluation, we hypothesized that stability is mainly affected
by two factors: screen fluctuation and screen transition. Screen fluctuation refers to the shakiness of the camera,
which results from changes in the camera’s direction in a continuous manner. Conversely, screen transition
denotes the camera shifting from one scene to a different scene in a discontinuous manner. These two factors can
negatively impact the experience of spectators if they occur frequently.

Firstly, to quantify screen fluctuation F, we employed the camera change direction angle, denoted as 6. This
angle is defined as the angle between the cameras orientation in the previous frame and the current frame,
and then between the current frame and the next frame. If § = 0, which indicates the camera moves without
changing direction, or the camera remains still, there is no camera shake. Camera instability is most severe when
the camera changes its moving angle to drastically different directions. Camera movement oscillation increases
if an angle change approaches theta = m, representing a complete reversal of the camera’s direction. Therefore,
this can be calculated as the following equation, which has a maximum value when # = 7 and a minimum at
6 = 0, summed and averaged over the total number of game frames:

total frames

- S Jeos(0) — 1 (12)

~ Yotal frames
i=0

Secondly, to quantify the camera transition score T, we determined whether a transition has occurred by
calculating the overlap percentage between consecutive frames. If the overlap between the current frame and
the next frame does not exceed the overlap threshold of ¢ percent, we consider that the screen has transitioned.
To obtain the total camera transition of the game, we added the number of transitions in the game and averaged
over the total number of frames. Therefore, the camera transition score be calculated as the following equation:

total frames

_ 1 1, if overlap < ¢
"~ total frames Z { 0, otherwise (13)

1=0

Finally, we define the camera instability score, which is proportional to camera fluctuation and camera transition
score:
Camera instability = F x T (14)

We calculated the screen fluctuation, screen transition, and resulting camera instability for six different observers.
In this paper, we used ¢ = 70 to determine whether the screen has been transitioned or not.

Method | Mask R-CNN | Mask R-CNN w/ scene tracking (Ours) | MViTv2 (Ours) | MViTv2 w/ scene tracking (Ours)
FPS 15 93 12 85

Table 2. Evaluation on four observers for inference time.
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MViTv2 MViTv2
MViTv2 w/ tracking

w/ tracking

MViTv2

Progression SSCAIT | Human | Mask R-CNN | Mask R-CNN w/ scene tracking (Ours) | MViTv2 (Ours) | MViTv2 w/ scene tracking (Ours)
Screen fluctuation | 0.0195 0.0206 | 0.0946 0.0198 0.441 0.0203

Screen transition | 0.0222 0.0129 | 0.0349 0.0110 0.0326 0.00846

Camera instability | 0.00044 | 0.00027 | 0.0033 0.00022 0.0144 0.00017

Table 3. The camera control scores of the observing models.

(b) Example of the actual game screen where the model tracks a large group of units in combat

Fig. 3. Qualitative evaluation: In-game screenshots of MViTv2 w/ tracking and MViTv2.

As represented in Table 3, the MViTv2 with tracking demonstrated the lowest score in camera instability.
This performance was followed closely by Mask-RCNN with tracking, which also benefited from the integration
of tracking mechanisms, highlighting the importance of combining detection and tracking for effective camera
control. The human observer exhibited the second-lowest score, followed by SSCAIT. Learning-based models
without tracking showed significantly higher scores, with the ViT-based object detection method scoring higher
than Mask-RCNN. This indicates that our tracking method significantly stabilized the camera control of the
observer. To summarize, by integrating tracking into object detection-based models such as Mask R-CNN and
MViTv2, we developed a model that excels in camera stability and surpasses other automated observers in
maintaining a balance between event detection and viewer comfort.

2. Qualitative evaluation

A qualitative analysis was conducted using actual in-game scenes to evaluate the effectiveness of the observer
models. Figure 3 displays the in-game visuals as captured by the MViTv2 and its advanced variant, MViTv2 with
tracking. Notably, Fig. 3a illustrates the scene where a group of ground units is moving, while Fig. 3b depicts a
scene of intense combat involving numerous units.

In the analysis of Fig. 3a, the MViTv2 model alternates its focus among different groups of units across the
first, second, and fourth screens, differing from the units highlighted in the third and fifth screens. This leads
to multiple screen transitions in a short time, potentially complicating the viewer’s understanding of the action.
Conversely, the MViTv2 with tracking model consistently follows a specific group of ground units across all
screens, keeping the focus centralized. This uniform tracking approach ensures a more seamless and intelligible
viewing experience.

Upon examining Fig. 3b, the MViTv2 model, in its third and fifth screens, captures only a segment of the
combat units. On the other hand, the MViTv2 with tracking model consistently covers all units engaged in the
combat throughout all screens, providing an all-encompassing view of the action. This method ensures that
spectators receive a more complete and fluid representation of the in-game events.

This qualitative evaluation clearly demonstrates that the MViTv2 with tracking model substantially improves
the spectator’s experience by offering a more stable and continuous portrayal of in-game dynamics. Also, the
corresponding video examples can be found in the supplementary files for further reference.
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MViTv2
Mask R-CNN w/ w/ scene
Mask R-CNN w/ | scene tracking MViTv2 w/ unit | tracking
Method SSCAIT | Human | Mask R-CNN | unit tracking (Ours) MViTv2 (Ours) | tracking (Ours)
AO (average) | 0.4490 0.5079 | 0.5880 0.5624 0.5819 0.6561 0.6100 0.6294
Table 4. Ablation Study: Comparison of AO Scores.
MViTv2
Mask R-CNN w/ w/ scene
Mask R-CNN w/ | scene tracking | MViTv2 | MViTv2 w/ unit | tracking
Method SSCAIT | Human | Mask R-CNN | unit tracking (Ours) (Ours) | tracking (Ours)
Screen fluctuation | 0.0195 0.0206 | 0.0946 0.0288 0.0198 0.0441 0.0360 0.0203
Screen transition | 0.0222 0.0129 | 0.0349 0.0151 0.0110 0.0326 0.0103 0.00846
Camera instability | 0.00044 | 0.00027 | 0.0033 0.00043 0.00022 0.0144 0.00037 0.00017

Table 5. Ablation Study: Camera Control Scores.

Questions

Q 1. The observer captured important in-game events (event).

Q 2. The camera movement was natural (camera movement).

Q 3. T was immersed in the game (immersion).

Q 4. Observing helped me understand in-game situations clearly (understanding).

Q 5. Observing was satisfactory (satisfaction).

Table 6. Survey to evaluate the experiences of users. Users rated their responses on a 5 point Likert scale.

Comparisons to other tracking method
For this ablation study, we experimented with two different tracking methods: Mask R-CNN observer with unit
tracking and MViTv2 observer with unit tracking.

o Mask R-CNN observer with unit tracking This approach was adopted for an ablation study to compare
whether the proposed scene tracking method is optimal compared to other tracking methods. This observer
is based on the Mask R-CNN model. Unlike the scene tracking method, which considers the entire feature set
of the current viewport and identifies the most similar viewport in the subsequent frame, unit tracking fol-
lows a more conventional approach by tracking individual units. Specifically, this method identifies the unit
closest to the center of the detected viewport and tracks the nearest corresponding unit in the next frame. This
tracking technique is maintained on events throughout the remaining (24 N — 1) frames.

o MViTv2 observer with unit tracking This approach follows the same methodology as the Mask R-CNN ob-
server with unit tracking, but instead of using Mask R-CNN as the base model, it employs MViTv2.

Overall, in both Mask R-CNN-based and MViTv2-based tracking models, all tracking methods, as expected,
yielded lower performance compared to the original detection model, but showed higher performance compared
to the SSCAIT and human, in Table 4. However, among the tracking methods, unit tracking scored lower than
scene tracking, demonstrating the advantage of our proposed scene tracking approach in maintaining better
performance.

Table 5 shows that in both Mask R-CNN and MViTv2 models, incorporating tracking methods significantly
improves camera instability scores. While both tracking methods contributed to better camera control, unit
tracking exhibited a slightly higher instability score compared to scene tracking, indicating that scene tracking
results in more stable camera movements.

User test

We conducted a user study to evaluate the impact of integrating a tracking method into object detection.
Participants were shown to two variations of the MViTv2-based automatic observation model-one with the
tracking module and one without-for comparative analysis. To assess the user experience, we used a custom
questionnaire 6 that addresses five critical aspects of spectating esports: the accuracy of event detection, the
naturalness of camera movement, the game immersion, the clarity of game understanding, and overall user
satisfaction. To ensure consistency in user evaluation across various game situations, we used a total of 12
different game matches. Each participant watched a unique game match.
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Scores by category

. MViTv2
B MViTv2 with tracking

Mean value with Standard Deviation

event camera movement immersion understanding satisfaction

Fig. 4. User scores of post-survey in Table 6 for the MViTv2 and MViTv2 with tracking. The graph depicts the
mean and standard deviation for each category.

Participants

We recruited 12 participants, all of whom had experience in either spectating or playing StarCraft. All participants
were male, and their ages ranged from 24 to 32 years (Mean = 27.7, SD = 2.67). Participants were surveyed
regarding the frequency of their StarCraft engagement over the past month. Among them, 5 reported spectating
or playing StarCraft for less than one hour, 2 for one to five hours, 4 for five to ten hours, and 1 had not spectated
or played recently. Additionally, we asked participants about the last time they spectated or played StarCraft: 2
participants reported that it was a day ago, 9 reported it was a month ago, and 1 reported it was a year ago.

Procedure

Upon arrival, participants were briefed on the overall study procedure and the objectives of the experiment.
After the briefing, participants were presented with two screens simultaneously, each displaying the same
game but observed through different models: The MViTv2 (ViT-based object detection) and MViTv2 with the
tracking method. The sequence of model presentations and the game replays observed by the participants were
randomized. Following each session, participants were requested to complete a survey, which is presented in
Table 6, to evaluate the observing models. This process was repeated for four different StarCraft games. After the
experiment, participants were asked to provide feedback on each model after completing the user test.

Results

Figure 4 presents the user test results for MViTv2 and MViTv2 with tracking. The mean scores for MViTv2
with tracking were higher than those for MViTv2 in four categories, except in event capturing. We assessed the
statistical significance of these results. Due to the small sample size and the lack of normal distribution in the
data, we employed the Mann-Whitney U test®® for our statistical analysis. The results indicated a statistically
significant difference between the two models in terms of camera movement (p < 0.01), immersion (p < 0.01)
, and satisfaction (p < 0.01).

We also collected qualitative feedback from users by interviewing them about each observer for further
analysis of the viewing experience. Participants were asked to provide overall feedback about each observer
freely. The most common observation, mentioned by 9 out of 12 participants, was that the model without
tracking made it harder to immerse in the game (e.g., “The left one (model without tracking) had quick screen
transitions, which made it a bit uncomfortable to watch.”, (P1))

The interview results also provided insights into how the model affects viewer engagement over time. One
participant noted that “the early game showed no significant difference, but as the game progressed and events
occurred more frequently (combat, unit movement), the left one (model without tracking) showed more frequent
screen transitions and became shaky and chaotic”, (P12). This interview, combined with the questionnaire results,
suggests that the proposed tracking observer model maintains stable camera control even as the game becomes
more complex, thus significantly improves scores for immersion and overall satisfaction compared to the model
without tracking.

This result aligns with our quantitative evaluation, showing that our tracking method significantly enhances
natural camera movement, with slightly lower event detection, in other words, accuracy. This is because the
model without tracking exhibited more rapid scene transitions, making it less likely to miss important scenes
when various events occurred almost simultaneously across the map, such as when a player splits their units
to attack multiple bases at once. However, this decrease in accuracy did not notably affect the user, showing no
significant difference in event detection score. Additionally, multiple participants mentioned during interviews
that such rapid scene transitions negatively affected their spectating experience (e.g., “The left one (model without
tracking) was good at quickly switching screens to detect events, but there was too much unnecessary movement even
within the same screen, making it hard to follow the observing”, (P8)). Furthermore, the MViTv2 with tracking
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showed significantly higher results in camera movement, immersion, and satisfaction than the MViTv2 without
tracking.

Limitation and future works

The limitation of our work is that the timing of switching between the detection model and the tracking model
was not optimized. Currently, the tracking model runs for a fixed duration instead of being switched into the
detection model flexibly. This rigidity may lead to spectator dissatisfaction: prolonged tracking of less significant
scenes can induce boredom, while brief tracking of crucial scenes might miss key moments. To address this
limitation, in future work, we plan to develop a reinforcement learning model that optimizes the switching
timing between detection and tracking. The action of the agent will be two: selecting detection or selecting
tracking at each timestep. The reward function can be designed as a combination of the camera instability score
(negative reward) and the area of overlap score (positive reward). Furthermore, to further stabilize the transition
between scenes, we plan to interpolate camera movement. This can be achieved by integrating rule-based
smoothing into the post-processing stage.

Conclusion

In this work, we utilized a ViT-based object detection method to accurately detect engaging scenes. To solve
the instability of camera control in learning-based observers, we present a hierarchical structure consisting of
scene detection and tracking models to create a stable and fast automatic observer for Esports. This structure is
inspired by the analysis of how human observers continuously provide engaging scenes to spectators.

Human observers identify the most interesting events in the overall state of the game and track these events,
thereby providing engaging scenes to the spectators. Our proposed method employs a scene-detection technique
to find interesting events throughout the game and a scene-tracking method to follow these events. This dual
approach not only captures the engaging scenes but also ensures stable camera movement, closely mimicking
the behavior of human observers.

The proposed method not only significantly enhances camera movement stability, but it also operates at
a much faster speed compared to previous works that did not use a scene-tracking method. In the user test
conducted to verify our computational evaluation in a real-world context, the model using our proposed
tracking method received the highest overall user score compared to that without tracking.

Data availability
The datasets generated and analysed during the current study are available in the Starcraft_data repository, http
s://github.com/superfeyn/Starcraft_data/tree/main.
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