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ABSTRACT

The popularity of video social platforms (TikTok, etc.) shows
that video is a popular information carrier at present. How-
ever, shot occlusion frequently occurs when people are shoot-
ing videos to record information. Since the shot occlusion
seriously affects the viewers’ experience, the video editors
need to find and delete such segments from the video material
during post-processing. However, finding the shot occlusion
from the video is a time-consuming and laborious task. To re-
duce the workload of editors, previous researchers proposed a
shot occlusion detection algorithm using deep learning tech-
nology, which has promotion space in both recognition accu-
racy and computational efficiency. In this paper, we propose
a neural network module, named SAT module, which can
effectively extract spatio-temporal information with fewer
parameters. We apply SAT module to construct a novel oc-
clusion detection model, and improve the existing occlusion
detection loss function for model training. The experimental
results on the public dataset show that our method achieves
the state-of-the-art performance of 88.25% accuracy and FPS
of 130 with the least parameters. Code and models will be
available at https://github.com/Junhua-Liao/
ICASSP22-0OcclusionDetection.

Index Terms— Occlusion Detection, Automatic Video
Editing, Human-centered Computing, Deep Learning

1. INTRODUCTION

The popularity of smartphones has significantly reduced the
cost of video shooting, so the video becomes the first choice
when people need to record more valuable information. How-
ever, the original video material usually needs to be post-
produced by professional video editors to facilitate retention
and dissemination. The massive video materials bring a great
workload to video editors in this era of information explosion.

Fortunately, automatic video editing technology has
brought the dawn to mitigate the workload of editors. Due
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to the complexity and diversity of video materials, different
kinds of videos have different editing rules, so the exist-
ing automatic editing technologies are generally limited to a
small field, such as multi-party conversations [1], school con-
certs [2], social gatherings [3], and dialogue-driven scenes
[4]. However, affected by the shooting equipment, shoot-
ing method, shooting environment, etc., the original video
materials may have low-quality segments resulting in unsat-
isfactory visual effects. Therefore, no matter what type of
video, editing usually involves the procedure of eliminating
low-quality video segments [5, 6]. The common causes of
low-quality video segments are shot blurriness, shake, and
occlusion. Among them, shot occlusion will highly influence
the viewers’ experience, as shown in Fig.1.

Fig. 1. Examples of shot occlusion in different situations.

Shot occlusion refers to the phenomenon that inappropri-
ate objects break into the picture of the shot and lead to the
protagonist being occluded during shooting. Recently, oc-
clusion has attracted extensive attention in a series of related
tasks [7, 8,9, 10, 11]. Among them, Liao et al. [12] proposed
a shot occlusion detection method to assist editors to find the
video segments with shot occlusion. However, this method
based on 3D convolution requires heavy computational re-
sources and the recognition accuracy still has space for im-
provement. Therefore, it is worth proposing a lightweight
model, which can reduce the number of model parameters and
also improve the performance of shot occlusion detection.

In this paper, we propose a new occlusion detection
method to improve the defects of previous work. The main
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Fig. 2. The architecture of the proposed shot occlusion detection model.

contributions of this paper can be summarized as follows:

(1) We design a novel neural network module, named
SAT, to extract spatio-temporal information instead of 3D
convolution, and construct a new high-performance video
shot occlusion detection framework based on this module.

(2) We improve the existing occlusion detection loss func-
tion to more reasonably assign weights to occlusion frames,
which significantly increases the accuracy of recognition.

(3) The extensive experiments show that our proposed
method outperforms the state-of-the-art methods, especially
in terms of the number of module parameters.

2. METHOD

2.1. Occlusion Detection Algorithm

This section will introduce our shot occlusion detection
method in detail. Fig.2 illustrates the architecture of the
proposed shot occlusion detection model. Given the input
video sequences, we first resize the video frames with differ-
ent resolutions to a specific size and divide them into a fixed
number of segments. Next, we send the processed data to the
network model constructed by the SAT modules for spatio-
temporal feature extraction. When extracting spatio-temporal
information, this module will only change the channel dimen-
sion rather than the spatio-temporal dimension. The changes
of channel dimensions are shown in Table 1. More informa-
tion about the SAT module will be introduced in Sec. 2.2. In
the network, except for the last SAT module, all SAT modules
are followed by a 2D pooling layer with kernel size and stride
of 2, which performs max-pooling of features. Then, we use
the global max pooling to convert the extracted features into
vectors of specific dimensions and send them to the fully
connected layer for processing. The fully connected layer is
composed of three layers with dimensions of 1024, 512, 2.
The dropout layers between each fully connected layer are
used to prevent over-fitting. Finally, the softmax function
uses the output of the fully connected layer to calculate the

occlusion score. The frames with occlusion scores greater
than or equal to the threshold are considered to have shot
occlusion, where the occlusion threshold is 0.5 in this paper.
Because shot occlusion is a time series process, such an ar-
chitecture design can combine the information between the
previous and next frames to make accurate predictions.

Table 1. Channel number of SAT module inputs and outputs.
Channel 1st 2nd 3rd 4th  5th 6th
Cinput 3 64 128 256 512 1024
Coutpur 64 128 256 512 1024 2048

2.2. SAT Module

3D convolution is usually the first choice for extracting spatio-
temporal features [13], but this method consumes more com-
putational resources due to a large number of parameters.
Therefore, some researchers decompose 3D convolution into
1D convolution and 2D convolution to process temporal and
spatial information respectively to reduce model parameters
[14, 15]. Inspired by this, we propose a new spatio-temporal
feature processing module SAT, as shown in Fig.3. The in-
put dimension of this module is 7" x H x W x C; and the
output dimension is 7' x H x W x C,, where T, H, W,
C;, and C, are the temporal, height, width, input channel
number, and output channel number, respectively. It can be
seen that the SAT module does not change the temporal,
height, and width of features when extracting spatio-temporal
information. This design is helpful to the fusion of spatial
and temporal features. The SAT module is unique since it in-
ternally consists of four parallel information extraction paths.
(1) All paths use convolution with a kernel size of 1 to process
the input features to obtain transition features with a size of
T x H x W x 2. (2) Path T and path IIT use 2D convolution
and 1D convolution with a kernel size of 3 to extract spatial
and temporal features, respectively. The size of the convo-
lution kernel for spatial and temporal information extraction
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in path II and path IV is 5. This design of convolution using
receptive fields of different sizes is conducive to extracting
more abundant information. (3) The features extracted from
the four paths are concatenated in the channel dimension and
output. Experiments show that this lightweight module can
extract effective information from spatio-temporal features.
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Fig. 3. Structure of the SAT module. The Conv zD,k,s
represents XD convolution with kernel size k and stride s.

2.3. Occlusion Loss Function

In order to increase the sensitivity to shot occlusion, the pre-
vious work [12] designs a loss function to weigh the video
frame according to the percentage of the occlusion area in
the frame. This function will assign larger weights to large
occlusions, and not pay much attention to small occlusions.
However, this way of assigning weights is not reasonable. For
example, the small occluder in Fig.1 can also have a great im-
pact on viewing. The original occlusion loss function does not
pay more attention to these small occlusions which cause se-
rious impact, because it only values the large-area occlusion.
Therefore, we improve the original occlusion loss function to
solve this problem. The specific steps of this loss function are
as follows.

Firstly, we calculate the percentage P,cciusion Of the oc-
clusion area in the frame.

o Aocclusion
Pocclusion - 1 (1)
-Aframe

Where Agcclusion i the area of occlusion and A f,qme is the
area of the frame.

Secondly, we calculate the maximum Pocciysion in the
video, which is called M cciusion-

Mocclusion - max(Pocclusion S Vl) (2)

Where V; represents the entire sequence of the i-th video.
Thirdly, we calculate the occlusion ratio Rocciusions
which is calculated as follows.

P )
2— (Pocclusion + Moocccclzzszfon;l)
Rocclusion = 25 (3)

Where £ is set to 10 as an equilibrium coefficient empirically.

Finally, our proposed occlusion loss function L,cciusion
calculates weights according to Rcciusion and assigns the
weights to the corresponding frames.

—e et (1 log(p}) + (1) log(1—p}))
“4)

where ¢ and p represent the tag and prediction results respec-

tively, and ; represents the j-th frame of the i-th video.

It can be seen from formula (3) that, compared with the
original loss function, our loss function additionally considers
the ratio of the current occlusion area to the maximum occlu-
sion area in the video sequence when calculating the weight.
Shot occlusion lasts from the occluder intruding into the shot
until the occluder leaves the shot. In this process, regardless
of the size of the occluder, when its proportion in the shot
reaches the maximum, the bad visual effect will be the great-
est. Therefore, this strategy allows the model to pay attention
to those small occlusions which have a serious impact on the
viewing. Theoretically, this occlusion loss function is more
reasonable for the assignment of the weight.

£occlusion =

3. EXPERIMENTS

3.1. Data and Criterion

We validated our shot occlusion detection method on the pub-
lic data set [12]. This dataset is the first large-scale public
dataset for the video shot occlusion detection task. It consists
of 1000 videos from seven scenes in the real world, and is of-
ficially divided as the training set and testing set according to
the ratio of 8:2. Each video is annotated frame by frame by
practitioners with basic computer vision knowledge.

We use the model parameters, frame-level accuracy,
frames per second (FPS), receiver operating characteristic
(ROC) curve, and its corresponding area under the ROC
curve (AUC) to evaluate the performance of the shot occlu-
sion detection method.

3.2. Implementation

The input of the networks is a continuous eight-frame video
sequence with a size of 128 x 171 pixels. The networks were
trained to utilize the Stochastic Gradient Descent (SGD) in 50
epochs of training, where the momentum was 0.9 and weight
decay was 0.0005. And the learning rate is set as 0.0005 with
a decay rate of 0.5 every 10 epochs. All models are imple-
mented with PyTorch [16] and experimented on an NVIDIA
GTX 1080Ti GPU (11GB).
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3.3. Results and Comparison

Since video shot occlusion detection is a novel research task,
there are few related types of research. In order to demon-
strate the performance of our proposed shot occlusion detec-
tion method, we choose the state-of-the-art method of this
task [12], two state-of-the-art models of decoupled 3D con-
volution [14, 15], three classical classification models [17,
18, 19], and four state-of-the-art occlusion detection methods
[7, 8,9, 10] in other tasks for comparison.

Table 2 shows the comparison results of our proposed shot
occlusion detection algorithm and other methods in terms of
model parameters, testing set accuracy and FPS. Fig. 4 shows
the ROC curves and AUC values of various methods. The
experimental results show that our shot occlusion detection
method achieves the best performance of 88.25% accuracy,
AUC value of 0.95, and FPS 130 with the smallest model.
Compared with the state-of-the-art method [12], our method
not only reduces the number of parameters by more than 5
times, but also improves the accuracy by 5.55%. This indi-
cates that our method has made a major breakthrough in the
task of shot occlusion detection.

Table 2. Performance comparison with the state-of-the-art
methods on public shot occlusion detection dataset.

Method Parameters Accuracy FPS
VGG-19 [17] 139.59M 68.85% 70
ResNet-101 [18] 42.50M 61.06% 83
DenseNet-169 [19] 12.49M 65.56% 95
R(2+1)D [14] 33.18M 59.10% 99
P3D [15] 24.93M 74.09% 120
Hou et al. [7] 23.51M 42.66% 60
Zhu et al. [8] 15.76M 73.17% 61
Lazarow et al. [9] 64.66M 62.26% 32
Chi et al. [10] 40.78M 50.43% 33
Liao et al. [12] 59.64M 82.70% 106
Our Method 11.37M 87.03% 130
Our Method+Lccusion 11.37M 88.25% 130

According to the results, we can find that the accuracy of
the classical classification models [17, 18, 19] fail to reach
70%. It may be that they did not introduce temporal infor-
mation for prediction like the SAT module. R(2+1)D [14]
and P3D [15] reduce the model parameters by decoupling 3D
convolution, but also cause the loss of spatio-temporal infor-
mation, resulting in unsatisfactory recognition accuracy. Due
to the differences between tasks, the state-of-the-art occlusion
detection methods [7, 8, 9, 10] in other scenarios do not per-
form well after migrating to this task. As the state-of-the-art
method for video shot occlusion detection, Liao et al. [12]
has the best performance in the comparison methods. This
method uses 3D convolution for spatio-temporal feature ex-
traction, so it is computationally expensive. The SAT mod-
ule greatly reduces the number of model parameters by de-
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Fig. 4. ROC curves for shot occlusion detection methods.

composing 3D convolution, and uses different sizes of con-
volution kernels to extract richer information when process-
ing spatio-temporal features. The experimental results show
that our proposed shot occlusion detection method is simple
but efficient. In addition, we improve the existing occlusion
loss function, which can reasonably allocate the weight for
videos with different occlusion sizes. By replacing the origi-
nal loss function [12] with our loss function for training, the
shot occlusion detection accuracy of our method increases
from 87.03% to 88.25%. The accuracy is improved by 1.22%,
which proves the effectiveness of this novel loss function.

4. CONCLUSIONS

In this paper, we proposed a simple but efficient shot occlu-
sion detection method based on the SAT module. The SAT
module decomposes the 3D convolution into 1D convolution
and 2D convolution with multi-scale receptive fields to pro-
cess the temporal and spatial characteristics respectively and
simultaneously, so as to obtain more information for occlu-
sion detection while reducing the number of parameters. Par-
ticularly, we proposed a new occlusion loss function, which
can more legitimately allocate the weight of occluded frames
to achieve better performance. Plentiful experimental results
on the public dataset show that the proposed method outper-
forms the state-of-the-art methods on the video shot occlusion
detection task. As future work, we plan to deploy this model
on photographic equipment for real-time shot occlusion de-
tection. This research is very valuable and challenging, be-
cause it can not only remind the cameraman to adjust the po-
sition of the equipment in time, but also obtain the position of
the occlusion segments at the end of the shooting.
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