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Abstract— To make the video more attractive, original video
materials usually need postprocessing by video editors, especially
to eliminate low-quality abnormal clips, which seriously affect
the visual effect. One of the main reasons for the low-quality
abnormal clips is that there are occluders that accidentally break
into the shot to occlude the protagonist, resulting in the loss of the
video protagonist’s information. However, it is time-consuming
and laborious to manually find shot occlusion clips, so computer
vision technology can be used to assist editors in completing this
work. The previous solutions directly utilize neural networks to
detect shot occlusion, so their performance is affected by the size
and quality of the dataset. In contrast, inspired by the change of
depth information in the frame caused by the occluder breaking
into the shot, we propose an algorithm for video shot occlusion
detection based on the fluctuation of depth information. This
algorithm does not need occlusion data training and can detect
shot occlusion well only by capturing the abnormal fluctuations of
the frame depth information. Additionally, to overcome the defect
in that the first video shot occlusion detection (VSOD) dataset
released in our conference publication can only verify the sensitiv-
ity of detection methods, we expand the VSOD dataset to evaluate
the comprehensive performance of detection algorithms. The
plentiful experimental results show that, compared with state-
of-the-art occlusion detection methods and self-designed baseline
methods, our algorithm significantly improves the comprehensive
performance of video shot occlusion detection. Furthermore,
through verification on datasets with different data types and
distributions, our shot occlusion detection algorithm can maintain
an occlusion event recall of over 95%, while the false positive
rate does not exceed 3%, demonstrating good generalization
ability. To promote reproducible research, the code and dataset
are available at https://github.com/Junhua-Liao/VSOD.

Index Terms— Dataset, occlusion detection, human—computer
interaction, automatic video editing.

Manuscript received 28 December 2022; revised 20 April 2023 and 3 June
2023; accepted 10 July 2023. Date of publication 13 July 2023; date of current
version 7 March 2024. This work was supported in part by the National
Natural Science Foundation of China under Grant 62072319 and in part by
the Department of Science and Technology of Sichuan Province under Grant
2022YFGO0041. This article was recommended by Associate Editor Z. Tao.
(Corresponding author: Liangyin Chen.)

Junhua Liao, Wanbing Zhao, and Kanghui Feng are with the College
of Computer Science, Sichuan University, Chengdu 610044, China (e-mail:
liaojunhua@stu.scu.edu.cn; wanbingzhao@stu.scu.edu.cn; fengkanghui@stu.
scu.edu.cn).

Haihan Duan is with the School of Science and Engineering, The
Chinese University of Hong Kong, Shenzhen 518172, China (e-mail:
haihanduan @link.cuhk.edu.cn).

Yanbing Yang and Liangyin Chen are with the College of Computer Science
and the Institute for Industrial Internet Research, Sichuan University, Chengdu
610044, China (e-mail: yangyanbing @scu.edu.cn; chenliangyin@scu.edu.cn).

Color versions of one or more figures in this article are available at
https://doi.org/10.1109/TCSVT.2023.3295243.

Digital Object Identifier 10.1109/TCSVT.2023.3295243

I. INTRODUCTION

ITH the popularity of affordable and reliable cameras,
Wthe massive amount of videos that people shoot to
record information has imposed a significant burden on editors.
To assist or replace editors, there has been much research
on automatic video editing [1], [2], [3], [4], [5], [6]. These
studies mainly focus on video editing rules, and most default
input videos are well shot materials with satisfactory quality.
However, due to complex and changeable shooting environ-
ments, the quality of video materials is uneven, so removing
low-quality anomaly clips should be the first and most crucial
step toward achieving complete automation of video editing.
In anomaly detection based on automatic video editing, shot
occlusion detection is a meaningful and challenging new
task [7]. Shot occlusion refers to the phenomenon where
extraneous objects intrude into the shooting frame, resulting
in the protagonist being occluded in the shooting process.
Fig. 1 (a) and (c) show normal and occluded frames, respec-
tively. Compared with Fig. 1(a), the protagonist’s information
in Fig. 1(c) is lost. To ensure the integrity of the protagonist’s
information in the finished film, finding and removing shot
occlusion clips from video materials has always been one
of the basic jobs of editors in post-processing. Therefore,
it is indispensable to utilize computer vision technology to
automatically detect shot occlusion clips in videos to reduce
the workload of editors.

Most of the recent occlusion detection algorithms are based
on neural networks [9], [10], [11], [12], [13], [14], [15],
[16], so our previous work [7] also used neural networks to
directly detect shot occlusion and released the VSOD dataset,
which is the first dataset used specifically for the video shot
occlusion detection task. However, this data-driven method [7]
is prone to overfitting the limited training data, resulting in its
excellent performance in specific scenarios under the same
distribution as the training set and poor generalization ability
in the wild. Photographers usually shoot in open areas, so the
occlusion clips caused by occluders constitute a relatively
minor proportion of the overall video. Since the average
video duration of the previous VSOD dataset [7] is less
than 4 seconds and the occlusion frame occupies most of
the time, it can only verify the sensitivity of the algorithms,
while the evaluation of the shot occlusion detection algorithms
needs to comprehensively consider multiple indicators such as
accuracy, sensitivity, and false positive rate. In summary, for
complex and diverse shot occlusion, it is difficult to collect
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(a) Normal

(b) Depth (¢) Occluded

(d) Depth

Fig. 1. Examples of normal and occluded frames and corresponding depth
maps. (b) and (d) show the results predicted by the depth estimation model
DPT [8]. The brighter area is closer to the shot.

abundant occlusion data to drive the neural networks to achieve
good generalization ability. It is necessary to evaluate the
comprehensive performance of the shot occlusion detection
algorithms with more realistic data.

In this work, we seek to gain insights and address the
challenging video shot occlusion detection problem. Because
the occluder is closer to the shot than the protagonist and
depth estimation methods are more sensitive to objects close
to the shot, the appearance of the occluder results in significant
changes in the frame depth information predicted by the depth
estimation methods. This view is supported by Fig. 1(b) and
Fig. 1(d). According to this phenomenon, we propose a shot
occlusion detection algorithm based on the abnormal fluctu-
ation of depth information. This non-data-driven algorithm is
designed based on the commonality that occluders cause the
change in depth information, and experimental results show
that it has better generalization ability than methods driven by
limited data. Moreover, we release version 2.0 of the VSOD
dataset, which is composed of long videos that include shot
occlusion, and most of the time in the video is normal. The
expanded VSOD dataset can be used to more comprehensively
evaluate the performance of the shot occlusion detection
algorithms. We believe that the new VSOD dataset will further
facilitate future research in this field.

In this work, we extend our previous conference publi-
cation [7], which proposes a video shot occlusion detection
model built with 3D convolutional neural networks and
contributes version 1.0 of the VSOD dataset. Unlike the
conference publication that builds a neural network to directly
detect shot occlusion, we try to design a video shot occlusion
detection algorithm based on the physical principle of shot
occlusion. Additionally, we contribute version 2.0 of the
VSOD dataset to overcome the limitations of version 1.0.

The main contributions of this work are as follows:

« We propose an algorithm for detecting shot occlusion by

leveraging abnormal fluctuations of depth information.

e We release version 2.0 of the VSOD dataset, includ-

ing 200 active videos with shot occlusion, with a total
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duration of 25 hours. To the best of our knowledge, it is
the first dataset for video shot occlusion detection.

o The experimental results on the VSOD dataset show
that our proposed shot occlusion detection algorithm can
drastically boost detection performance and achieve new
state-of-the-art performance for this task. Moreover, this
algorithm can maintain a recall of occlusion events of
over 95% and a false positive rate of less than 3%
on datasets with different data types and distributions,
demonstrating good generalization ability.

The structure of this work is organized as follows:
Section II introduces the related works; Section III describes
the proposed video shot occlusion detection algorithm based
on abnormal fluctuations of depth information; Section IV
introduces the VSOD dataset we contributed; Section V
demonstrates the experiments; Section VI discusses the limita-
tion of this work and future work; and Section VII summarizes
all the contributions of this work and provides the conclusion.

II. RELATED WORKS
A. Occlusion Detection

After making major breakthroughs in basic computer vision
tasks such as image classification [17], object detection [18],
and semantic segmentation [19], researchers have begun pay-
ing attention to some special scenarios, such as occlusion.
Since occlusion can seriously affect the accuracy of recog-
nition, it has received extensive attention in many tasks and
has extended many new problems [9], [10], [11], [12], [13],
[14], [15], [16]. Hou et al. [13] used the similarity between
frame region features and video region features to judge
whether occlusion occurred in the person re-identification
task. In facial landmark detection, Zhu et al. [20] used a
distillation module to infer the occlusion probability of each
position in high-level features. Chi et al. [11] introduced a
mask-guided module into a pedestrian detector in crowded
scenes to enhance the discrimination ability of the occluded
features. Song et al. [9] used the adaptive anchor initialization
provided by the confidence-aware calibration for occluded
pedestrian detection. Lazarow et al. [10] solved the problem
of poor correlation between the ordering of instances with
detection confidence and the natural occlusion relationship
in panoptic segmentation by modeling two instance masks.
Xu et al. [15] proposed an effective occlusion-aware network
to handle occlusion for video deblurring.

Typically, most tasks define the occlusion scenario as the
task target object being occluded. In contrast, the definition of
occlusion in the shot occlusion detection task is more special.
In a normal frame, the protagonist may also be occluded
by a table, water bottle, or microphone in front of him/her.
Within the shot occlusion detection task, the “uninvited guest”
is considered an occluder that intrudes upon the frame and
obstructs the visibility of the protagonist. Due to the different
definitions of occlusion in different tasks, the corresponding
design ideas for occlusion detection likewise vary. There-
fore, directly migrating the state-of-the-art occlusion detection
methods from other tasks to this task may not have satisfactory
performance. We need to design detection methods according
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to the characteristics of shot occlusion. Our previous work [7]
detected shot occlusion by building a neural network model.
However, the robustness of this data-driven parametric method
is limited by the size and quality of the dataset, so we propose
a non-data-driven solution to enhance the robustness of the
shot occlusion detection method.

B. Depth Estimation

Depth estimation is one of the basic tasks in com-
puter vision, which is widely used in object detection [21],
semantic segmentation [22], simultaneous localization and
mapping [23], and other fields. In recent years, depth
estimation based on deep learning has made remarkable
progress [24], [25], [26], [27]. In this process, deep datasets
such as NYU depth [28], KITTI [29], and TUM [30] play
an important role in driving neural networks. These datasets
collected by depth sensors involve very limited scenarios,
resulting in poor generalization ability of depth estimation
methods trained on these datasets. To solve this problem,
Chen et al. [24] crowdsourced a depth dataset, DIW, for wild
images. Then, researchers used web stereo image, web stereo
video, and internet video’s Structure-from-Motion to generate
wild depth datasets such as ReDWeb [31], WSVD [32],
and YouTube3D [33]. Driven by these datasets, the depth
estimation methods have broader practical scenarios.

Despite the existence of numerous depth datasets, they are
individually biased and incomplete. To allow these datasets to
complement each other to support the stable depth estimation
of real images in different scenarios, Ranftl et al. proposed
a depth estimation method called MiDaS [27]. This method
was trained on a special MIX5 dataset (constructed by four
public depth datasets [31], [32], [34], [35] and a homemade
depth dataset using 3D movies), and its robustness was verified
on the test set (constructed by six public depth datasets [24],
[28], [29], [30], [36], [37]). Then, Ranftl et al. introduced five
additional datasets [38], [39], [40], [41], [42] based on MIXS5,
constructed the largest monocular depth estimation training
dataset MIX6 containing 1.4 million images, and proposed the
dense prediction transformer (DPT) [8], which achieved state-
of-the-art performance. This robust depth estimation model
can provide effective depth information for different types of
videos in the video editing task.

III. ALGORITHM

To enhance the robustness of the video shot occlusion detec-
tion algorithm, we design the detection algorithm according to
the physical phenomenon of abnormal fluctuations of frame
depth information caused by occluders. The performance of
this non-data-driven algorithm is not affected by the size
and quality of the training set. The detection process of our
proposed video shot occlusion detection algorithm includes
four steps. (1) The video frame sequence is preprocessed
with a robust depth estimation model to obtain the depth
map sequence as the algorithm’s input. (2) The foreground
sequence is extracted from the depth map sequence accord-
ing to the dynamic depth threshold calculated by the Otsu
algorithm. (3) The foreground sequence is used to calculate
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the foreground singleton-over-union we designed, that is, the
proportion of the foreground of the singleton in the sequence
to the union of the foreground of the entire sequence. (4) The
foreground singleton-over-union of the whole video is ana-
lyzed to obtain the dynamic optimal occlusion threshold to
predict the time at which shot occlusion occurs. Subsequent
subsections provide detailed elaboration on each part of this
video shot occlusion detection algorithm.

A. Data Preprocessing

Firstly, we need to preprocess the original video to obtain
the depth information as the input of our algorithm. Since
video editing tasks involve a wide range of scenarios, a highly
robust depth estimation model is required to provide the depth
information of videos shot in different scenes. As described in
Section II-B, depth estimation technology is relatively mature,
so we directly choose the DPT [8] with strong robustness
driven by the depth estimation dataset containing 1.4 million
images to provide depth information for our algorithm. Owing
to the exceptional performance of the DPT, many studies [43],
[44], [45], [46], [47] have chosen it for data preprocessing.
Some depth maps predicted by this robust depth estimation
model are shown in Fig. 1.

The preprocessed depth map sequence D; is represented as:

D; ={dy.dy,...d,_,,d} (1)
where i represents the ith second of the video, n is the frame
rate of the video, and d,’; denotes the nth frame depth map d
of the ith second. The size of the d is 192 x 192 pixels.

B. Depth Foreground Segmentation

The depth map d maps different depth levels in the original
picture to the depth interval of [0, 255]. Within this interval,
the value O denotes the farthest distance from the shot, whereas
the value 255 represents the closest distance to the shot.
To further refine the depth sequence information, we employ
the Otsu algorithm [48] to derive the global optimal depth
threshold 7; for segmenting the foreground f and background
b of the depth map d. f is the position of objects close to the
camera, while b is the position of the remaining objects and
the background. f, which includes the foreground information
closest to the camera, is calculated as follows:

L ifdx,y) > ta
f(x,y)—{o’ Ay = b ©)

where x and y represent the abscissa and ordinate of the depth
map d, respectively, and their values range from [0, 191].

Subsequently, the foreground sequence F; composed of f
is sent to the next stage of the video shot occlusion detection
algorithm. This sequence is defined as follows:

Fi={fl.f3.. fi_. £} 3)

where f indicates the nth frame f of the ith second.
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of the singleton in the sequence to the union of the foreground areas of the entire sequence, and the sequence length defaults to 1 second. Under normal
conditions, SoU is in a high-value range close to 1, while under occlusion conditions, its value will significantly decrease.

C. Foreground Singleton-Over-Union

Photographers usually place the protagonist in the center
of the picture by adjusting the shot, so the active area of the
protagonist in the shot is relatively fixed. However, an occluder
will produce a large-span movement track while it breaks into
and leaves the shot. Since the occluder is closer to the shot than
the protagonist, the motion of the occluder will cause consid-
erable changes in the close-range area information recorded by
the foreground f. Therefore, we design foreground singleton-
over-union (SoU) to capture this information change. The
SoU is calculated as follows.

First, we calculate the union area A! of the foreground
sequence F;. Al represents the area recorded by any fore-
ground in Fj, defined as follows:

Loif D fi@y) >0
o 4)
0. if D fiey) =0

j=1

A (x,y) =

where x and y represent the abscissa and ordinate of f,
respectively, and their values range from [0, 191]. n denotes
the total number of frames in the ith second.

Second, SoU; is calculated according to F; and Afl.

sum(fl)  sum(f)

sum(AL) sum(AL)"

sum(fi_)) sum(f!)

SoU; = — -
oli =1 sum(Al) = sum(Al)

}
S

where sum() represents the total number of non-zero pixel
points in £/ and Af.

Finally, the SoU; sequence per second constitutes the
sequence S for the entire video. S is defined as follows:

S = {SoUy, SoUs, ... SoUp_1, SoUyp) (6)

where m is the total number of seconds in the video.

To facilitate understanding, a schematic illustration depict-
ing the design principle of SoU is presented in Fig. 2.
Theoretically, as the SoU value approaches 1, it indicates that
the objects within the shot are in a state of relative stability
and normalcy. On the contrary, it means that the occluder
may intrude into the shot and move violently. Furthermore,
we corroborate the viability of SoU via experiments. Fig. 3
shows the variation in SoU in the sample videos. When

Algorithm 1 Dynamic Occlusion Threshold Algorithm
Input: SoU sequence S
Output: optimal occlusion threshold 7,
1: max(S): maximum value of S; min(S): minimum value
of S; mean(S): mean value of S; length(S): length of S

2 mid(§) = mexEmin(S)

3: tax = max(mean(S), mid(S))
4: tyin = min(mean(S), mid(S))
5: a = (1 — mean(S))tensth(S)

6: t, = (max(S)—0.1)4+0.1 x
7. if min(S) > t, then

8 t,=0

9: else

10: to = tmin + (tmax — tmin) X &
11: end if

12: Return ¢,

the shot is in a normal state, SoU maintains a high value
and exhibits fluctuations that correspond to the action of
the protagonist. Conversely, in the event of shot occlusion,
SoU experiences a rapid and substantial decline. Therefore,
our algorithm is capable of detecting shot occlusion via the
identification of abnormal fluctuations present within the S.

D. Optimal Occlusion Threshold Selection

After obtaining the video SoU sequence S, we need to
determine a threshold to divide the normal and occluded
shots. Due to the different motions of the protagonist and
the occluder in different videos, the fluctuation amplitudes
of SoU are also different. In this case, the fixed threshold
can not achieve satisfactory results, so we propose a dynamic
occlusion threshold algorithm to find the optimal occlusion
threshold 7,. The calculation process is shown in Algorithm 1.

This dynamic occlusion threshold algorithm first calculates
the maximum value max(S), minimum value min(S), mean
value mean(S), length length(S), and middle value mid(S)
of the input sequence S. Second, the upper limit of the
occlusion threshold is determined by selecting the maximum
value from mean(S) and mid(S), while the lower limit is
set to the minimum value. Then, the algorithm calculates the
amplification factor « of the occlusion threshold to determine
the optimal occlusion threshold z, within the threshold interval.
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Fig. 3. Changes in SoU for different videos. The green dots represent normal
frames, and the red dots represent occluded frames. The SoU value at the ith
second of the video is represented by the minimum value in the SoU;.

For videos of equal duration, a larger mean value mean(S)
signifies that the overall SoU is more stable. In this case,
a small threshold is sufficient to ensure the recognition rate
of shot occlusion while minimizing the likelihood of mis-
judging fluctuations in SoU resulting from the protagonist’s
movements as occlusion. Conversely, this indicates that the
SoU of the entire video is exhibiting significant fluctuations,
necessitating a large o to increase the threshold to avoid
missed detection. When the mean value mean(S) is the same,
a longer video exhibits greater stability in terms of its SoU
and, consequently, possesses a relatively smaller «. We use
mean(S) and length(S) to construct functions that satisfy the
above rules to derive the amplification factor «, as shown in
Fig. 4. Finally, we obtain the optimal occlusion threshold 7, in
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Fig. 4. Examples of amplification factor « for different videos. Videos A,
B, and C have a duration of two minutes, but the mean values are 0.8, 0.2,
and 0.6 respectively. Video D lasts for one minute with a mean value of 0.6.

KITTI [29]

VSOD COFW [49] OVIS [50]  Occluded-D [51]

Fig. 5. Examples of different occlusion detection datasets.

the occlusion threshold interval according to «. Nevertheless,
not all videos exist shot occlusion clips, so we set a normal
video threshold ¢, based on « in the interval of 0.1 down from
the maximum value max(S). Its principle is similar to the
occlusion threshold #,, where a smaller threshold is required
to be set for a more stable SoU . If the minimum value min(S)
of the sequence S is greater than the normal threshold #,, it can
be inferred that no shot occlusion occurs in the video.

Next, we predict the state of each second in the video
according to the optimal occlusion threshold #,. When the
minimum value of SoU; is less than the threshold ¢,, our
algorithm predicts that shot occlusion occurs in the ith second
of the video. Otherwise, the ith second of the video is normal.

1, if min(SoU; € §) < ¢,

ri = @)
0, if min(SoU; € §) > t,

Finally, our algorithm yields the predicted result R.

R:{rl’VZa---rm—l,rm} (8)

IV. VSOD DATASET

As a hot research topic, there are many related datasets
for occlusion detection [29], [49], [50], [51]. Fig. 5 shows
examples of occlusion detection datasets in different task
scenarios. Due to the different scenarios and definitions of
occlusion for different tasks, there are significant differences
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Fig. 6. Examples of different videos in the VSOD dataset.

between different occlusion detection datasets, making existing
datasets difficult to apply to the video shot occlusion detection
task. To this end, we contribute the first large-scale video shot
occlusion detection dataset, namely VSOD, which serves as a
benchmark for evaluating the performance of shot occlusion
detection methods. Fig. 6 shows five frames of the sample
videos in the VSOD dataset.

A. VSOD v1.0 Dataset

Version 1.0 of the VSOD dataset was published in our
conference publication [7]. Three annotators with basic com-
puter vision knowledge first looked for videos with predefined
occlusion taken in the real world from YouTube.! Second, the
annotators used Corel VideoStudio? to clip the shot occlusion
clips in the video materials into short videos and reencoded
them with the “XviD” video codec to reduce storage space
and facilitate the download of the dataset. Finally, the bound-
ing boxes of occlusion in each frame are annotated for the
potential of further extension. The VSOD v1.0 dataset includes
a total of 1000 videos with shot occlusion, with the dataset
being randomly divided into the training set and testing set
according to the ratio of 8:2.

B. VSOD v2.0 Dataset

As the first dataset for the video shot occlusion detection
task, the VSOD v1.0 dataset contains 1000 videos, but the
average length of the videos is only 3.486 seconds. Due
to constraints imposed by video length, this dataset com-
prises only a limited number of normal clips. Therefore, the
VSOD vl1.0 dataset can only verify the sensitivity of the
shot occlusion detection methods. In video shooting, since
shot occlusion is a low-probability event, the normal period
of videos is usually much longer than the period of shot

1 https://www.youtube.com/
2https://www.videostudiopro.com/

TABLE I
COMPARISON OF DIFFERENT VERSIONS OF THE VSOD DATASET
Dataset version VSOD v1.0 [7] VSOD v2.0
Number of videos 1000 200
Average occlusion percentage 79.99% 4.05%
Average occlusion event 1.02 2.58
Average frames 73 11516

Dataset length 58 min 25 hours 37 min

occlusion. If a high-sensitivity detection method results in
high false positives, editors still need to review the predicted
occlusion clips, thereby failing to effectively reduce their
workload. To better implement the shot occlusion detection
algorithm, we also need a large number of normal clips to
verify the false positive rate of the detection algorithm.

In this work, we also contributed version 2.0 of the VSOD
dataset to overcome the limitations of version 1.0. This dataset
consists of 200 videos of large-scale activities in the real
world. These video data are selected from YouTube by four
annotators with knowledge of computer vision, taking several
months. To evaluate the performance of video shot occlusion
detection methods, we need to know the temporal annotations,
i.e., the start and end time points of the occlusion event in
each video. To this end, we invite an editor with seven years
of experience to annotate the time extent of occlusion events.

The version differences of the VSOD dataset are shown in
Table 1. Although the VSOD v2.0 dataset has only 200 videos,
the average duration of each video is as long as 7.688 minutes,
which is 132 times that of the VSOD v1.0 dataset. Since
shot occlusion is an accidental event, the average occlusion
percentage of 4.05% in the VSOD v2.0 dataset is closer to
the actual situation than the average occlusion percentage
of 79.99% in the VSOD v1.0 dataset, i.e., video is usu-
ally dominated by normal clips. In addition, Fig. 7 shows
the VSOD dataset from the perspectives of video length
and occlusion percentage to visually display the differences
between versions. The extended VSOD dataset can more
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Fig. 7. Length and occlusion percentage of videos in the VSOD dataset. The
yellow circles and red squares represent videos in the VSOD v1.0 dataset and
the VSOD v2.0 dataset, respectively.
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Fig. 8. The abnormal situation of Recall.. Although three occlusion events
are detected in both predictions, the meaningless prediction almost regards the
entire video as an occlusion event, which causes the editors to spend extra
effort checking manually.

comprehensively and realistically evaluate the performance of
video shot occlusion detection methods.

V. EXPERIMENTS
A. Implementation Details

We implement all deep learning models with PyTorch [54]
and carry out performance evaluations on a standard Deepin-
15.11 OS with an NVIDIA GTX 1080Ti GPU (11GB). The
batch size is set to 8, and the maximal training epoch is fixed
to 50. We use the stochastic gradient descent (SGD) with a
momentum of 0.9 and weight decay of 0.0005 to train models.

B. Evaluation Metric

Editors pay more attention to whether the algorithm can
detect all occlusion events in the video, so we choose the
event recall (Recall,) as the evaluation metric, where the event
represents the process after which the occluder enters the shot
and before which the occluder leaves the shot. Nevertheless,
reliance on this metric solely may lead to an inaccurate evalu-
ation of shot occlusion detection methods due to the deceptive
nature of its value. Fig. 8 shows an abnormal situation where
the Recall, values for both meaningful and meaningless pre-
diction are 100%. While this meaningless prediction yields
perfect results in terms of valuation performance, it is useless
for editors. Because it almost predicts the entire video to be an
occlusion event, the editors need to watch the entire video to
complete a manual inspection, which cannot effectively reduce
the workload of editors. Although this is an extreme situation,
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it still exposes the deception of the current evaluation metric
when the algorithm detects a long-term occlusion event.

To make up for the deficiency of Recall, and more
accurately evaluate the performance of the shot occlusion
detection methods, we introduce the evaluation metrics in
seconds: Intersection-over-Uniong, Accuracy,, False Positive
Rateg, Recally, Precisiong, and F1 Scores. Seconds are chosen
as the base unit because second-level predictions are sufficient
to assist editors in locating and eliminating shot occlusion clips
in the postprocessing process.

C. Comparison With the State-of-the-Art

In this subsection, we compare the proposed video shot
occlusion detection algorithm with nine different detection
methods, including the state-of-the-art video shot occlusion
detection method [7], two classic classification methods [52],
[53], and the state-of-the-art occlusion detection methods used
in person re-identification [13], facial landmark detection [20],
pedestrian detection [9], [11], panoptic segmentation [10], and
X-ray security inspection [12].

We first train the comparison methods on the training set
of the VSOD v1.0 dataset. Table II and Table III show the
quantitative comparison results of shot occlusion detection
algorithms on the test set of the VSOD v1.0 dataset and the
VSOD v2.0 dataset, respectively. Experimental results demon-
strate that our video shot occlusion detection algorithm can
also significantly outperform state-of-the-art occlusion detec-
tion methods without occlusion data driving. On the test set of
the VSOD v1.0 dataset [7], this algorithm ranks first in 5 met-
rics (Recall,, Accuracy,, False Positive Rate,, Precisiony, and
F1 Score,) and second in 1 metric (Intersection-over-Uniony).
Moreover, our algorithm has 5 metrics (Intersection-over-
Uniong, Accuracys, False Positive Rates, Precisiong, and
F1 Scores) ranking first in the VSOD v2.0 dataset. Our
algorithm demonstrates strong generalization ability, achieving
an ultra-high event recall (> 95%) and a low false positive rate
(< 3%) across the entire VSOD dataset. Fig. 9 presents the
shot occlusion clips of sample videos predicted by different
methods. Compared with those of other methods, the predic-
tion results of our algorithm closely match the ground truth.

The experimental results show that the classic classification
method ResNet-101 [52] exhibits strong competitiveness in
terms of Recall, and Recall;. However, as shown by the
prediction results in Fig. 9, ResNet-101 tends to make pre-
dictions that treat the entire video as an occlusion event, that
is, the meaningless prediction mentioned in Fig. 8. Since the
VSOD vl1.0 dataset is mainly composed of occlusion clips,
even if the method makes meaningless predictions, Accuracy,
is 78.14%. However, on the VSOD v2.0 dataset dominated by
normal clips, meaningless predictions significantly raise the
False Positive Rate; of ResNet-101 to 96.6%, thereby causing
its Accuracy, to plummet to a mere 7.36%. This also confirms
that the VSOD v1.0 dataset has defects and cannot really
reflect the comprehensive performance of the shot occlusion
detection algorithms. In addition, the Precisong of only 4.25%
indicates that more than 95% of the shot occlusion predictions
made by ResNet-101 are false positives, so such a method
cannot help editors eliminate the shot occlusion clips.
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TABLE II
COMPARISON OF SHOT OCCLUSION DETECTION PERFORMANCE ON THE TEST SET OF VSOD V1.0 DATASET
Methods Recalle  Intersection-over-Uniong Accuracy s False Positive Rates Recall, Precisiong F1 Scores
ResNet-101 [52] 0.9900 0.7730 0.7814 0.5100 0.9696 0.7918 0.8480
DenseNet-169 [53] 0.9400 0.7680 0.7939 0.3785 0.9112 0.7968 0.8282
STCnet [13] 0.2950 0.1952 0.3526 0.0565 0.2191 0.2694 0.2228
ODN [20] 0.9950 0.8528 0.8613 0.3317 0.9759 0.8716 0.9049
PRNet [9] 0.9850 0.8406 0.8453 0.3417 0.9686 0.8562 0.8926
OCFusion [10] 0.9150 0.7398 0.7683 0.3467 0.8742 0.7798 0.7999
PedHunter [11] 0.5550 0.4473 0.5422 0.1540 0.5066 0.4945 0.4833
DOAM [12] 0.9600 0.8411 0.8525 0.1525 0.9011 0.8992 0.8830
Liao et al. [7] 0.9800 0.8692 0.8798 0.1624 0.9511 0.8982 0.9067
Our Method 1.0000 0.8623 0.8806 0.0214 0.8761 0.9833 0.9105
CS-Video(thr=0.9) 0.3900 0.2816 0.4145 0.0321 0.3000 0.3715 0.3139
HS-Video(thr=0.9) 1.0000 0.7821 0.7821 0.5700 1.0000 0.7821 0.8582
LCC-Video(thr=0.9) 0.7700 0.6123 0.6638 0.1745 0.6839 0.6984 0.6652
SROCC-Video(thr=0.9) 0.7800 0.6200 0.6662 0.2200 0.7068 0.6932 0.6735
Our Method 1.0000 0.8623 0.8806 0.0214 0.8761 0.9833 0.9105
CS-Video(thr=dynamic) 0.8200 0.6823 0.7336 0.0475 0.7046 0.7944 0.7291
HS-Video(thr=dynamic) 1.0000 0.8325 0.8416 0.3232 0.9527 0.8690 0.8916
LCC-Video(thr=dynamic) 0.9250 0.7537 0.7896 0.0841 0.7903 0.8792 0.8114
SROCC-Video(thr=dynamic) 0.9700 0.8174 0.8395 0.0848 0.8557 0.9265 0.8695
Our Method 1.0000 0.8623 0.8806 0.0214 0.8761 0.9833 0.9105
CS-Frame(thr=0.9) 0.1800 0.1326 0.3010 0.0050 0.1351 0.1775 0.14438
HS-Frame(thr=0.9) 0.9900 0.7813 0.7937 0.3946 0.9339 0.8285 0.8522
LCC-Frame(thr=0.9) 0.5100 0.3768 0.4862 0.0354 0.3898 0.4958 0.4176
SROCC-Frame(thr=0.9) 0.5200 0.4000 0.5045 0.0317 0.4158 0.5042 0.4370
Our Method 1.0000 0.8623 0.8806 0.0214 0.8761 0.9833 0.9105
CS-Frame(thr=dynamic) 0.6100 0.5357 0.6251 0.0175 0.5437 0.6020 0.5602
HS-Frame(thr=dynamic) 1.0000 0.8340 0.8414 0.3992 0.9870 0.8453 0.8937
LCC-Frame(thr=dynamic) 0.8300 0.7282 0.7645 0.0514 0.7524 0.8032 0.7631
SROCC-Frame(thr=dynamic)  0.8950 0.8047 0.8266 0.0521 0.8279 0.8706 0.8351
Our Method 1.0000 0.8623 0.8806 0.0214 0.8761 0.9833 0.9105
TABLE III
COMPARISON OF SHOT OCCLUSION DETECTION PERFORMANCE ON THE VSOD Vv2.0 DATASET
Methods Recalle  Intersection-over-Uniong Accuracy False Positive Rates Recallg Precisiong F1 Scores
ResNet-101 [52] 0.9950 0.0424 0.0736 0.9660 0.9883 0.0425 0.0748
DenseNet-169 [53] 0.9499 0.1137 0.2672 0.7652 0.9121 0.1365 0.1568
STCnet [13] 0.2444 0.1017 0.9288 0.0350 0.1569 0.2193 0.1343
ODN [20] 0.9779 0.1120 0.3156 0.7169 0.9681 0.1215 0.1641
PRNet [9] 0.9762 0.1545 0.4008 0.6273 0.9336 0.1783 0.2081
OCFusion [10] 0.8964 0.1367 0.4032 0.6169 0.8094 0.2043 0.1865
PedHunter [11] 0.7501 0.1497 0.6177 0.3801 0.6292 0.2134 0.2017
DOAM [12] 0.9695 0.2746 0.6891 0.3228 0.8643 0.3157 0.3520
Liao et al. [7] 0.9975 0.2072 0.6613 0.3490 0.9345 0.2309 0.2847
Our Method 0.9588 0.5128 0.9531 0.0252 0.6623 0.7662 0.6190
CS-Video(thr=0.9) 0.4754 0.2216 0.9365 0.0318 0.3612 0.3816 0.2816
HS-Video(thr=0.9) 1.0000 0.0405 0.0405 1.0000 1.0000 0.0405 0.0716
LCC-Video(thr=0.9) 0.8511 0.1979 0.7006 0.2909 0.7638 0.2672 0.2647
SROCC-Video(thr=0.9) 0.8682 0.2110 0.6664 0.3291 0.7694 0.2920 0.2806
Our Method 0.9588 0.5128 0.9531 0.0252 0.6623 0.7662 0.6190
CS-Video(thr=dynamic) 0.4097 0.2239 0.9539 0.0130 0.3187 0.3754 0.2793
HS-Video(thr=dynamic) 0.7220 0.2070 0.7239 0.2650 0.5704 0.3056 0.2693
LCC-Video(thr=dynamic) 0.7093 0.3311 0.9413 0.0321 0.5375 0.5515 0.4204
SROCC-Video(thr=dynamic) 0.7042 0.3433 0.9482 0.0244 0.5295 0.5796 0.4339
Our Method 0.9588 0.5128 0.9531 0.0252 0.6623 0.7662 0.6190
CS-Frame(thr=0.9) 0.1318 0.0502 0.9601 0.0004 0.0535 0.2045 0.0709
HS-Frame(thr=0.9) 0.9894 0.0505 0.2575 0.7671 0.9125 0.0530 0.0886
LCC-Frame(thr=0.9) 0.4259 0.1669 0.9563 0.0085 0.2439 0.3590 0.2279
SROCC-Frame(thr=0.9) 0.4253 0.1751 0.9536 0.0113 0.2543 0.3552 0.2308
Our Method 0.9588 0.5128 0.9531 0.0252 0.6623 0.7662 0.6190
CS-Frame(thr=dynamic) 0.1512 0.0644 0.9594 0.0019 0.0756 0.1847 0.0910
HS-Frame(thr=dynamic) 0.9012 0.1051 0.3685 0.6574 0.8332 0.1543 0.1565
LCC-Frame(thr=dynamic) 0.3681 0.1451 0.9589 0.0042 0.1844 0.3719 0.2011
SROCC-Frame(thr=dynamic)  0.3746 0.1523 0.9574 0.0061 0.1985 0.3833 0.2103
Our Method 0.9588 0.5128 0.9531 0.0252 0.6623 0.7662 0.6190

For the state-of-the-art occlusion detection methods [9], design motivations, these methods do not perform well after
[10], [11], [12], [13], [20] in other tasks, due to the different migrating to the shot occlusion detection task. STCnet [13]
definitions of occlusion in different tasks and their different uses a neural network to calculate the feature map of each
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Fig. 9. Visualization results of shot occlusion clips predicted by different methods on sample videos. The different color blocks represent the time extent of

shot occlusion predicted by different methods.

frame, and then compares it with the average of the feature
map of the entire video for similarity. Frames whose similarity
is lower than the threshold are regarded as occluded frames.
This design stems from the idea that an occluded picture will
be very different from a normal picture, which accounts for
most of the video. The False Positive Rate, of this detection
method is very competitive and does not exceed 6% on the
entire VSOD dataset, but its Recall, and Recall; are the lowest
among all comparison methods. This may be because the
information in the feature map is too abstract, resulting in
the loss of information changes caused by small and medium
occluders. The extremely poor Recall, makes it unable to meet
the demands of editors.

As the strongest competitor in the test set of the VSOD
v1.0 dataset, the state-of-the-art shot occlusion detection
algorithm [7] achieves the highest Recall, of 99.75% on the
VSOD v2.0 dataset, but its False Positive Rate; is also as
high as 34.9%. Since the VSOD v1.0 dataset is dominated
by shot occlusion clips, the data-driven neural network is
affected by this dataset and is more sensitive to shot occlusion.
The Precisong of this algorithm on the VSOD v2.0 dataset is
only 23.09%, which means that nearly 77% of its predicted
occlusions are false positives. Although the excellent Recall,
of this algorithm seems to meet the needs of the editors, the
high False Positive Rate; and low Intersection-over-Uniong
will make the workload of editors substantial.
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TABLE IV
COMPARISON OF SHOT OCCLUSION DETECTION PERFORMANCE BEFORE AND AFTER FINE TUNING ON THE VSOD V2.0 DATASET
Methods Fine Tuning? Recalle Intersection-over-Unions Accuracy False Positive Rates Recall, Precisiong F1 Scores
ResNet-101 [52] X 0.9750 0.0413 0.0901 0.9491 0.9696 0.0413 0.0704
DenseNet-169 [53] X 0.9458 0.1462 0.3305 0.7033 0.9199 0.1789 0.1961
STCnet [13] X 0.2637 0.1223 0.9477 0.0143 0.1633 0.2335 0.1596
ODN [20] X 0.9917 0.1159 0.3447 0.6849 0.9855 0.1214 0.1694
PRNet [9] X 0.9833 0.1509 0.4761 0.5456 0.9007 0.1835 0.2105
OCFusion [10] X 0.8686 0.1855 0.5865 0.4165 0.7648 0.2662 0.2465
PedHunter [11] X 0.7625 0.2437 0.6634 0.3393 0.6818 0.3339 0.3067
DOAM [12] X 0.9783 0.3537 0.7180 0.2844 0.8496 0.4121 0.4272
Liao et al. [7] X 1.0000 0.1964 0.6778 0.3195 0.9374 0.2302 0.2590
Our Method - 0.9572 0.6148 0.9482 0.0319 0.7241 0.8433 0.7041
ResNet-101 [52] v 0.0000 0.0000 0.9596 0.0000 0.0000 0.0000 0.0000
DenseNet-169 [53] v 0.8193 0.1110 0.4817 0.5177 0.6910 0.2488 0.1649
STCnet [13] v 0.5381 0.1828 0.8720 0.1023 0.3633 0.3315 0.2508
ODN [20] v 0.4342 0.1849 0.9134 0.0551 0.2667 0.4068 0.2470
PRNet [9] v 0.6533 0.2925 0.8844 0.0864 0.4478 0.5305 0.3655
OCFusion [10] v 0.6255 0.3035 0.8417 0.1425 0.4773 0.5099 0.3698
PedHunter [11] v 0.2868 0.0913 0.9491 0.0181 0.1247 0.3638 0.1408
DOAM [12] v 0.6404 0.4304 0.9665 0.0006 0.4447 0.7308 0.5063
Liao et al. [7] v 0.8726 0.5903 0.9668 0.0044 0.6268 0.8659 0.6726
Our Method - 0.9572 0.6148 0.9482 0.0319 0.7241 0.8433 0.7041

In addition, we randomly divide the VSOD v2.0 dataset into
a training set and a test set with a ratio of 8:2 and fine-tune
the different comparison methods on this training set. The
performance comparison of the shot occlusion detection algo-
rithms before and after fine-tuning on the VSOD v2.0 dataset
is shown in Table IV. According to the experimental results,
driven by the training set of the VSOD v1.0 dataset, which
is dominated by occluded clips, most of the neural network
models have Recall, and Recall; values of more than 90%, but
their false positive rate is also high. After fine-tuning on the
training set of the VSOD v2.0 dataset, which is dominated
by normal clips, the false positive rate of the data-driven
methods decreases significantly, but their Recall, is also
lower than 90%. This verifies that the performance of neural
network-based methods is directly affected by the dataset
itself, and the robust model can only be driven by abundant and
high-quality data. Due to the complex and diverse video shoot-
ing environment, it is difficult to collect sufficient data to drive
the neural network to achieve the ideal video shot occlusion
detection algorithm with both a high event recall and low false
positives.

To this end, we provide a novel idea for constructing an
ideal video shot occlusion detection algorithm, that is, to detect
shot occlusion by capturing abnormal fluctuations of frame
depth information caused by occluders. Experimental results
on different versions of the VSOD dataset show that our
algorithm has not only a Recall, of more than 95%, but
also a False Positive Rate; of less than 3%. In addition,
the Accuracys; and Precisong of our shot occlusion detection
algorithm are the best on the entire VSOD dataset, indicating
that the shot occlusion predictions made by this algorithm are
more reliable than those of other detection algorithms. To more
intuitively demonstrate the convenience our algorithm brings
to video editors, we show the results of shot occlusion clips
predicted by different detection methods. As shown in Fig. 9,

our shot occlusion detection algorithm can greatly reduce the
workload of video editors more than other detection algorithms
by accurately localizing occlusion events in videos.

D. Comparison With the Baseline

In addition to state-of-the-art occlusion detection methods,
we also design a large number of baseline methods for
performance comparison. Since normal frames usually occupy
the majority of the time in the regular video, we use the cosine
similarity (CS), histogram similarity (HS), linear correlation
coefficient (LCC), and Spearman’s rank order correlation
coefficient (SROCC) between the frame and the overall video
to detect shot occlusion. Furthermore, we design baseline
methods that rely on evaluating the similarity and correlation
of neighboring frames to identify shot occlusion. As shown
in Table II and Table III, the comprehensive performance of
these baseline methods on the entire VSOD dataset is far
inferior to that of the proposed video shot occlusion detection
method, further demonstrating the superiority of our algorithm.
Moreover, baseline methods have improved performance com-
pared to the fixed occlusion threshold of 0.9 after using our
dynamic occlusion threshold selection algorithm, proving the
effectiveness of this algorithm.

E. Ablation Studies

1) Depth Estimation: Table V presents the impact of dif-
ferent depth estimation methods on the performance of the
proposed shot occlusion detection algorithm. Although these
state-of-the-art depth estimation methods [55], [56], [57] out-
perform the DPT [8] on some mainstream depth datasets [28],
[29], they almost degrade the performance of the proposed
algorithm across the board. Due to the variety of scenarios
oriented by automatic video editing tasks, depth estimation
methods with excellent performance in a particular scenario
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TABLE V
THE IMPACT OF DIFFERENT DEPTH ESTIMATION METHODS
Methods Dataset Recalle Intersection-over-Unions ~ Accuracys  False Positive Rates; ~ Recall, Precisions  F1 Scores
NeWCRFs [55] 0.8450 0.6769 0.7320 0.0771 0.7086 0.8078 0.7347
GuideDepth [56] VSOD v1.0 [7] 0.9950 0.8105 0.8282 0.2044 0.8988 0.8973 0.8733
Jun et al. [57] ’ 1.0000 0.8408 0.8589 0.1091 0.8950 0.9407 0.8956
DPT [8] 1.0000 0.8623 0.8806 0.0214 0.8761 0.9833 0.9105
NeWCRFs [55] 0.8840 0.2509 0.8897 0.0882 0.5684 0.4134 0.3465
GuideDepth [56] VSOD v2.0 0.9402 0.1941 0.8390 0.1429 0.6588 0.2940 0.2809
Jun et al. [57] ’ 0.9561 0.2720 0.9017 0.0777 0.6275 0.4145 0.3746
DPT [8] 0.9588 0.5128 0.9531 0.0252 0.6623 0.7662 0.6190
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Fig. 10. Examples of depth maps predicted by different depth estimation

methods [8], [55], [56], [57]. The brighter area is closer to the shot.
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Fig. 11. Examples of depth foreground segmentation by different depth
threshold selection methods. Foreground-M, Foreground-T, and Foreground-O
represent the depth foreground segmented by the middle value of the depth
interval, the depth foreground segmented by the Triangle algorithm, and the
depth foreground segmented by the Otsu algorithm, respectively.

may not be competent for this task. The DPT is driven by the
largest monocular depth estimation training set (1.4 million
images), which is composed of numerous mainstream depth
datasets and private datasets. This method has superior robust-
ness and can provide reliable depth maps for the proposed shot
occlusion detection algorithm. Fig. 10 shows the prediction
results of different depth estimation methods in this task
scenario, and the depth maps predicted by DPT are more
accurate than those predicted by other state-of-the-art methods.

2) Depth Threshold: We experimentally verify the impact
of three different depth threshold selection methods, namely,
the middle value of the depth interval, the Triangle
algorithm [58], and the Ostu algorithm [48], on the proposed

ok %m

w
\nl»j ’

Input Occlusnon Detection Video Editing

Film

Output Rerendering

Fig. 12. The architecture of automatic video editing system.

shot occlusion detection algorithm. The Triangle algorithm and
Ostu algorithm are both implemented by the interface provided
by OpenCYV [59]. The experimental results in Table VI indicate
that the algorithm based on the middle value performs better
in the recall, while the algorithm based on the Otsu has fewer
false positives. The reason may be as shown in Fig. 11, where
the foreground segmented by the middle value of the depth
interval is not as complete as the foreground segmented by
the Otsu algorithm in complex scenes, and the incomplete
foreground causes the SoU to be more volatile. This makes the
algorithm based on the middle value more sensitive, but the
false positive rate also increases accordingly. In contrast, the
algorithm based on the Otsu can more accurately segment the
foreground and have a lower false positive rate when having
a high recall of occlusion events, which is a better choice.

FE Automatic Video Editing System

Since our algorithm is oriented towards video editing,
we construct a simple automatic video editing system for
multi-camera shooting scenes to make our work more com-
plete. Fig. 12 shows its architecture. First, the system uses the
proposed algorithm to identify the shot occlusion time period
in each video. Second, the system performs video editing.
When recording content along the timeline of the film, it ran-
domly selects videos that do not have shot occlusion during the
corresponding time period. After recording the content of the
currently selected video for 10 to 20 seconds, the system will
randomly select other normal videos to continue recording.
Finally, the system combines video and audio to rerender a
high-quality film that does not contain shot occlusion clips.
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TABLE VI
THE IMPACT OF DIFFERENT DEPTH THRESHOLD SELECTION METHODS
Methods Dataset Recalle  Intersection-over-Uniong Accuracy g False Positive Rates Recall Precisions  F1 Scores
Middle (127.5) 1.0000 0.9006 09114 0.0268 0.9164 0.9842 0.9369
Triangle [58] VSOD v1.0 [71  0.9900 0.7962 0.8216 0.1363 0.8594 0.9180 0.8633
Otsu [48] 1.0000 0.8623 0.8806 0.0214 0.8761 0.9833 0.9105
Middle (127.5) 0.9806 0.4605 0.9098 0.0736 0.7427 0.5821 0.5570
Triangle [58] VSOD v2.0 0.8883 0.1930 0.7761 0.2091 0.6055 0.3040 0.2696
Otsu [48] 0.9588 0.5128 0.9531 0.0252 0.6623 0.7662 0.6190

VI. LIMITATION AND FUTURE WORK

Although our shot occlusion detection algorithm performs
well on the entire VSOD dataset, it still has limitations. When
the occluder moves slowly or even stops after breaking into the
shot, SoU will return to a higher value in advance, resulting
in missed detection. This explains why the Recall, of our
algorithm is as high as 95%, but the Recally is less than
90%. The difference between Recall, and Recally indicates
that although the proposed detection algorithm is capable of
identifying a majority of occlusion events, the completeness of
the detected occlusion events remains a need for improvement.
In addition, the violent movement of the protagonist also
leads to a significant fluctuation of SoU, resulting in false
detection. It may be insufficient to rely solely on depth
information for achieving optimal performance in detecting
complex occlusions in video shots. Therefore, introducing an
additional module to the shot occlusion detection algorithm
to identify the protagonist in the video as supplementary
information may be helpful for improving the integrity of the
detected occlusion events. How to further improve the Recall
of the shot occlusion detection algorithm while maintaining
a low false positive rate will be the focus of our follow-up
research. In addition, further investigative work also includes
improving the automatic video editing system by enriching
the abnormal situations (e.g. blur, jitter, and distortion) during
data preprocessing and optimizing the video editing rules.

VII. CONCLUSION

In this work, we conduct an in-depth study on challenging
video shot occlusion detection and achieve inspiring results.
Due to the diversity and complexity of shot occlusion, training
a neural network with limited manually-collected data may
not constitute an optimal solution for video shot occlusion
detection. Therefore, we propose a non-data-driven video shot
occlusion detection algorithm to assist video editors. Unlike
the data-driven methods, our algorithm detects occlusion
according to the commonality of abnormal fluctuations in
frame depth information caused by the occluder, thus possess-
ing good generalization ability, even without occlusion training
data. Furthermore, to accurately evaluate the comprehensive
performance of detection methods, we expand the VSOD
dataset released from our conference publication, which is the
first dataset for video shot occlusion detection. Experimental
results on the VSOD dataset demonstrate that our algorithm
outperforms other state-of-the-art occlusion detection methods,
as well as self-designed baseline methods, in terms of com-
prehensive performance. Even on different types of datasets,
our algorithm can maintain more than a recall of occlusion

events of 95%, while the false positive rate is less than 3%,
demonstrating good generalization ability. We believe that our
contributions are beneficial in promoting the development of
abnormal detection in automatic video editing.
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