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Abstract

In this paper, we present an approach for detecting slide transitions in lecture videos by
introducing the spatio-temporal residual networks. Given a lecture video which records the
digital slides, the speaker, and the audience by multiple cameras, our goal is to find keyframes
where slide content changes. Since temporal dependency among video frames is important for
detecting slide changes, 3D Convolutional Networks has been regarded as an efficient
approach to learn the spatio-temporal features in videos. However, 3D ConvNet will cost
much training time and need lots of memory. Hence, we utilize ResNet to ease the training of
network, which is easy to optimize. Consequently, we present a novel ConvNet architecture
based on 3D ConvNet and ResNet for slide transition detection in lecture videos. Experimental
results show that the proposed novel ConvNet architecture achieves the better accuracy than
other slide progression detection approaches.
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1. Introduction

Nowadays, with the rapid development of Internet, there are many ways for users to acquire

knowledge, in which online education is an important method. However, many raw lecture
videos, recorded in classes and conference rooms, are time-consuming for learners. According
to statistics, the number of uploaded videos on YouTube increases at 400 hours per minute. If
these videos are not structured, users will be buried in the large number of videos. It
discourages their passion on studying and reduces their study interests. To facilitate browsing,
the video provider should display the lecture videos with section-wise annotations or titles,
while the process is tedious and the large size of e-learning repositories today makes this
approach cumbersome. However, it is quite difficult if a learner wants to quickly scan the
contents of a particular lecture among a series of lecture videos. Therefore, automatic
summarizing lecture videos is essential for e-learning and other applications.

In this paper, we focus on the slide transition detection, which is significant in lecture video
summarization. The lecture videos are recorded by pan-tilt-zoom (PTZ) cameras and we
distinguish the type of lecture video by the camera recording method, such as stationary
camera, camera motion and camera switch. Because lecture videos may contain projected
slides, the speaker, and the audience, some disturbance inevitably happens, e.g., camera
motion, camera switch, and people movement. And, a slide transition always occurs in a short
time along with the content changes on the projected screen, which is hard to find manually. It
is a longstanding and challenge research topic to detect slide transition base on the spatial and
temporal features across video frames.

Due to the complex noise interruption, there are few methods to detect slide transition
across various types of lecture videos. Some approaches are designed to extract visual features
such as color histogram, SIFT, HOG and wavelet to measure the appearance similarity
between adjacent frames. However, these algorithms fail to take into consideration that people
movement, camera motion and camera switch, such as switching from the computer screen to
the speaker, often resulting in a significant appearance change of the video. Some other
approaches are targeted for specific type of lecture video, such as a single PTZ camera without
camera switch, and a fixed camera. These methods are limited to several specific types of
lectures videos without universality.

In this paper, we present a novel ConvNet architecture based on 3D ConvNet and ResNet
for detecting slide transition in lecture videos, as shown in Fig. 1. It is worth mentioning that
Convolutional Neural Network (ConvNet) is playing a huge role in image classification and
identification [1], [2]. Traditional ConvNets can extract video frame spatial features, which is
important for understanding the image content, but it ignores the temporal evolutional among
adjacent video frames, especially for slide change detection. Thus, we apply 3D ConvNet to
learn the spatio-temporal features in videos with the convolution kernels extended from 2D to
3D. With the number of stacked layers, 3D ConvNet cost more memory and is difficult to train.
To solve this problem, Residual Network (ResNet) is introduced [3]. Therefore, we combine
3D ConvNet and ResNet to propose a new C3D Residual block. The new ConvNet
architecture cost less training time and is easier to optimize. In addition to slide transition
detection, the saptio-temporal network has also shown its application in shot boundary
detection, first-person video summarization, video retrieval and so on.

We divide the lecture videos into six types and compare our approach with other slide
progression detection method for evaluation. Experimental results show that the proposed
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novel ConvNet architecture is able to handle the six types of lectures videos and achieves the
best accuracy than others.

To summarize, our contributions in this paper are: (a) a simple, yet effective C3D Residual
block is presented to extract the spatio-temporal features for lecture videos. The new residual
block eases the training of networks and can be easily combined with other network blocks; (b)
we group several video frames into a frame volume who contains the slide change. Creatively,
the slide transition detection in lecture videos turns into a classification problem for the
spatio-temporal residual network model; (c) as shown in experiment, the spatio-temporal
residual network is effective and achieve best results on six types of lecture videos even with
complex camera motion and camera switch.

The rest of this paper is organized as follows. Sec. 2 review the related work of the slide
transition detection. Sec. 3 describes the proposed ConvNet architecture based on C3D
ConvNet and ResNet. Sec. 4 reports the experimental results. Sec. 5 concludes this paper.

2. Related Work

Some proposed methods of detecting slide transition, focus on the low level visual features,
such as color histogram, corner points, Gabor filter and edge information, to measure the
appearance similarity across frames. For instance, Ma et al. [4] analysed the color-histograms
of images to segment a video into different shots. Whereas, the frames appearance will change
with the camera motion. Hyun et al. [5] and Jeong et al. [6] extracted SIFT features, which are
invariant to image scaling and rotation, and match them between two adjacent frames. The
slide transition is detected when the similarity based on SIFT similarity is smaller than a
threshold. The detecting accuracy are not reliable as the value of threshold is to be discussed.
Li et al. [7] tracked the SIFT features across the whole video and the slide progression happens
at the appearance and disappearance of mostly feature trajectories. However, it is limited to a
single PTZ camera and camera switches are not allowed. Complementary features are also
introduced in [8], [9] for visual similarity measurement. However, if there are camera motions
in the lecture video, appearance difference is not always effective and parameter estimation for
the similarity threshold is trivial.

To address these problems, shot boundary detection [10], [11], [12] and meta-data, such as
audio signal [13], [14], transcripts [15], [16] approaches are proposed to summarize lecture
videos. Subudhi et al. [10] compared frames histograms to detect shot transition and calculate
edge function based on three contrast features to estimate content and non-content frames.
Mohanta et al. [11] utilized local and global features to detect and classify shot boundary and
then a multilayer perceptron network was applied to detect no change, abrupt change and
gradual change frames. Cirne et al. [12] described a video frame by means of color
co-occurrence matrices, then normalized sum of squared differences was used to detect shot
boundary. He et al. [14] exploited spoken text, pitch and pause information in audio signal to
show that these changes under various speaking conditions. Repp et al. [15] presented a
standard linear text segmentation algorithm (LTSA) to segment the transcript into coherent
sections for slide transitions detection. Lin et al. [16] combined speech text transcript, audio
and video information to design an automated segmentation approach. Speech Recognition
[17] can be also applied to segment the audio signal for lecture video summary. Qazi et al. [18]
introduced a hybrid technique for speech segregation and calssification using the deep belief
network (DBN) model. These approaches are not suitable for mostly lecture video without
meta-data. In contrast, our method automatically detects slide transitions without additional
data.
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High level features, e.g., textual content in lecture videos, have important information and
can be extracted by OCR (Optical Character Recognition) techniques [19], [20], [21]. Yang et
al. [19] introduced a multi-hypotheses framework to recognize texts in slides, which includes
text location, segment, OCR, spell checking and result output. Che et al. [20] reconstructed
each texts content structure extracted from OCR results to segment the lecture video. Baidya et
al. [21] presented a semantic segmentation method for lecture videos. They identified slide
title and detects texts by OCR technology to generate keyframes. Besides, some approaches
are proposed to reduce the semantic gap across images[22-24]. Mehmood et al. [22] presented
an approach to reduce the semantic gap beteween low-level image features and high-level
semantic concepts by collecting dense LIOP features and spatial histograms over four adapted
triangular areas of an image. Sarwar et al. [23] introduced a novel BoW model, which perform
visual words integration of LIOP and LBPV features to reduce semantic gap across images.
However, the text reconstructed and similarity comparision after textural content extraction is
complex. Compared with this, our system is simple and effective.

Our work is inspired by general video summarization approaches, such as [25], [26]. Yao
et al. [25] splited the input videos into a set of video segments and a deep convolutional neural
network with two components was designed to learn the spatial and temporal video
representation for each video segment. Finally, highlight for each video segment was obtained
by fusing two components output. Qiu et al. [26] proposed a Pseudo-3D Residual Net (P3D
ResNet) based on various bottleneck building blocks to extract spatio-temporal video features
in deep networks. In our system, a novel ConvNet architecture is introduced to detect slide
transition for lecture videos rather than general videos.

Many previous approaches detect visual features to generate the summary by measuring
the similarity between adjacent frames. However, if there are camera motions in the lecture
video, appearance difference is not always effective. Besides, it is limited to a single PTZ
camera and camera switches are not allowed. Moreover, parameter estimation for the
similarity threshold is trivial. Other slide transition detection methods usually rely on
additoonal meta-data, such as audio signal, transcripts and text dtection results. In contrast, our
system performs spatio-temporal residual network to achieve automatic slide change detection
without parameter estimation and any additional metadata and it is also applicable to multiple
cameras recorded lecture videos. Experimental results show that our method successfully
summarizes lecture video by key frames and achieves the best performance on six types of
lecture videos.
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Fig. 1. C3D-ResNet pipeline (a) Input video; (b) Deep convolution neural networks;
(c) slide transition detection result; (d) video summary.
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3. Network Architecture

In this section, we present the C3D Residual block by combining 3D ConvNet and ResNet and
analyze the spatio-temporal residual network in detail.

3.1 C3D Residual block

Spatial and temporal information in video frames is crucial for slide transition detection. 3D
ConvNet is widely used as an efficient approach for extracting spatiotemporal features in
videos. Compared to 2D ConvNet, 3D ConvNet apply 3D convolution and 3D pooling
operations to model temporal information. We separate an input video into a set of video
segments and each segment contains multiple frames which are represented as a frame volume.
After implementing 3D ConvNet, the number of channels increases, but the size of each frame
volume decreases. Eventually we obtain a feature map by merging adjacent frames in a video
segment, as is shown in Fig. 2. The feature maps represent the spatial and temporal
information across adjacent frames in a single video segment.
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Fig. 2. 3D ConvNet overview

As shown in Fig. 2, the size of input frame volume is H xW x L where H and W are the
height and weight of the frame, and L is the length in number of frames. The kernel size of
the 3D convolution is kxkxd where K is the kernel spatial size and d is the kernel
temporal depth. 3D convolutions simultaneously model the spatial information like 2D filters
and construct temporal connections across frames. After implementing 3D ConvNet, the
output volume reduces in size and it preserves the temporal information of the input signals.
Finally, the feature map captures both spatial and temporal dimensions in the input video
segment.

With stacking more network layers, the deep network leads to higher training/test error and
the performance of the network degrades rapidly as reported in [27], [28]. There are complex
reasons for such a situation, such as optimization, vanishing and exploding gradient problem,
which has been largely solved by normalized initialization [29] and batch normalization [30].
With the increasing network depth, the network is not easy to optimize, and the deeper
networks lead to saturated or degraded accuracy. The added number of nonlinear layers
increases the difficulty of network optimization and it is not easy to find an optimization
solution from the shallow network to a deeper network, which causes the degradation problem.
Besides, training the deep C3D ConvNets on video dataset cost more memories and is
time-consuming. Fortunately, residual learning reduces the deep network complexity by
identity mapping [3]. The identity mapping is performed by a shortcut connection and
element-wise addition, as is shown in Fig. 3 If the identity mapping is optimal, the residual
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learning across over several layers reduces the depth of network layers and precondition the

optimal function for the solver.
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Fig. 3. C3D Residual block

The basic C3D residual learning block includes a 3D convolutional layer and shortcut
connection [3] as shown in Fig. 3 (a). It computes the residual function, e.g.,
F(x) = Z(x) —x, in which x denotes the input and Z (x) denotes the underlying mapping.

The output Z (x) is the element-wise addition by F(x)+ x and has the same dimension as
input X. The residual learning is a preprocessing for network to learn the identity mapping if it
is optimal for the solver. Different from the basic C3D residual learning block, if the contained
3D convolutional layer narrows the frames volume size, as shown in Fig. 2, the input x and
residual mapping F(x) are not in the same dimension. To match the dimension, we add a
1x1 3D convolutional layer to the shortcut connection and get the weighted mapping H (x) ,
as shown in Fig. 3 (b). The underlying function becomes:
Z(x)=F(X)+H(x) @)
The C3D Residual block in Fig. 3(b) has two layers and thus, F(X) =W,a(W,x+b)+b,,

in which O denotes the RELU activation function. The form of F(x) is based on the
number of layers and it is flexible to choose. Experiments show that one layer is more effective
than others in this paper, which is different from [3]. The weighted mapping function is
H (X) =WSX , in which WS is the weighted value matrix and used for matching dimensions.
The element-wise addition operation F(x)+ H (x) is performed on features maps, channel

by channel. For simplify, the above formulas are calculated on fully-connected layers and they
are applied equally to the convolutional layers.

3.2 Spatio-Temporal Residual Network

The Spatio-Temporal Residual Network architecture is based on C3D Residual Network, as
shown in Fig. 4. The details are described below.
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Fig. 4. Spatio-Temporal Residual Network

The network architecture has eight convolutional layers and four Fully-Connected layers, as
shown in Fig. 4 The network is mainly inspired by the method of VGG nets [28] and it follows
two design rules: (i) if the output feature map has the same size with the input, the number of
filters remain unchanged; (ii) if the output feature map size is rescaled to the half size of the
input, the number of filters is doubled to keep the time complexity. The kernel size in
convolutional layer is mostly 3x3 and we apply the BatchNorm layer after each
convolutional layer. The BatchNorm layer accelerates the network optimization by
normalizing the means and variance of layer output and reducing the dependence of
parameters gradients. Furthermore, batch normalization is also a network regularization
method. The Relu function is adopted at each activation layer. Especially, max-pooling is
performed after activation function at per layer over a 3x3pixel window with stride 1 to
preserve the prominent features. The fully-connected layers contain descending number of
nodes over four layers and the last one has three nodes, which means the output includes three
classes.

The loss function in the final layer is a CrossEntropy Loss:

x[class]
loss(x, class) = — Iog(ﬁ) — —x[class] + log(>_ &) @)
J

We treat the slide transition detection as a volume classification issue, which is discussed in
detail in Sec. 4 and the CrossEntropy Loss is an effective loss function for multi-classification
problems. X denotes the output of the network and class denotes the ground truth of
classification.

3.3 Implementation

Each video frame is resized to 112x112 for reducing the memory cost and the mini-batch
size is set to 128. The number of data loading workers is 1. Adam, a first-order gradient

algorithm, is applied for the network optimization with ﬁ1:0.9 and ﬂ2:0.999 . The network
is regularized by weight decay and dropout regularization. The L2 penalty multiplier for
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weight decay is set to 5x10* and the dropout ratio is set to 0.5 for the first three
fully-connected layers. The initial learning rate is 0.001 and divided by 10 when the training
epoch reaches a multiple of 10. The number of total epochs to run for the model is set to 100
and the default value of validation frequency is 10, which means that after every ten training
epochs, the validation phase is implemented.

4. Experiments

We collect six types of lecture videos from Stanford University Courses, Yale University
courses and YouTube to verify the superiority of our model over other approaches. The
training dataset contains 67 lecture videos and the testing dataset contains 26 lecture videos.
The video length is roughly from 10 minutes to 70 minutes.

Type-A lecture videos contain only the computer slide screen. Type-B lecture videos are
recorded by multiple cameras and the speaker and the slide screen are presented
simultaneously. Type-C and Type-D lecture videos capture the speaker and projected on-stage
screen by a still camera. But the speaker movement interruption in Type-C is produced.
Type-E lecture video contains complex camera motion, such as pan, tilt and zoom. Besides,
the speaker movement interruption in Type-E lecture video will possibly affect the detection
accuracy. Type-F lecture video is recorded with multiple cameras and it allows sudden camera
switch, such as the switch from the speaker to slide. Each lecture video is temporally
down-sampled to 6 frames per-second and spatially down-sampled to the resolution of 640 by
360. We group several frames into a frame volume and the experimental result shows that two
frames in a frame volume is better for slide transition detection, which contains less slide
change types. We divide the frame volumes into three classes, as shown in Fig. 6: (i) slide
transition; (ii) camera switch between slide and the speaker; (iii) frames remain unchanged or
contain little changes, such as people movement, camera motion. Therefore, the slide
transition detection in lecture videos turns into three-class classification problem for this
spatio-temporal residual network model.

The quantitative evaluation is performed to demonstrate the superiority of our
spatio-temporal residual network model. After manually labeling the slide transition
groundtruth of each lecture video, F-score is applied as the evaluation metric:

_ 2xPrecisionx Recall
Precision + Recall

|:l

Precision = i (3)
St

Recall = i

a

where Sa is the total number of actual slide transitions, SC is the number of slide transition

correctly detected, and St is the total number of detected slide transitions.
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Fig. 5. Six types of lecture videos in our experiments. (a) Type-A presents the computer slide screen
only. (b) Type-B presents the speaker and computer screen in two regions simultaneously. (c) Type-C
presents the on-stage screen with speaker blocking the projected screen by a single camera. (d) Type-D

presents the on-stage screen without speaker blocking the projected screen by a single camera. (e)

Type-E presents complex camera motion, such as pan, tilt and zoom. (f) Type-F presents the sudden

camera switch between speaker and computer slide screen.
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Fig. 6. Three types of frame volume. Typel presents slide transition. Type2 presents the camera switch
between the speaker and slide screen. Type3 show that the camera remain still or contains little changes.
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Fig. 7. Slide transition detection result for Type-F by our model. The slide transition time is marked on
the timeline and the detected slide change frames are shown below the timeline.

A typical slide transition detection result for Type-F is shown in Fig. 7, where the marked
ticks on the timeline indicate the automatic detected slide progressions. Result verifies that our
model effectively detects the content changed slide frames of lecture videos.

We compare our system with other three approaches on test dataset, namely, Singular Value
Decomposition (SVD) [31] on video summarization approach, Frame Transition Parameters
(FTP) [11] on shot boundary detection method and analyzing the feature trajectories (SPD) [7]
on slide progression detection method. Table 1 shows the average Precision, Recall, and
F-score of different approaches on all types of lecture video, and Fig. 9 presents the detailed
performance on each type of lecture video.
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Table 1. Average performance of different methods on six types of lecture video.

Precision Recall F-score
SVD [31] 0.700 0.745 0.722
FTP [11] 0.748 0.264 0.390
SPD [7] 0.773 0.848 0.810
STR Net (Ours) 0.868 0.965 0.914
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Fig. 9. Detailed performance of different methods on six types of lecture video

As shown in Table 1 and Fig. 9, Our system significantly outperforms these approaches in
detecting slide transitions. Compared with the feature trajectory-based SPD approach [7] and
singular Value Decomposition (SVD) [31], our system improves the F-score by 12.8% and
26.6% on average. In particular, our approach improves the F-score up to 30.5% on Type-F
against the SPD, where sudden camera switch and frequent people movement are presented.
Due to the camera switch and motion, lots of false positives are detected by SPD when dealing
with Type-F lecture video, which is also evidenced by Fig. 8. The general SVD approach
achieves a better precision but fails to detect most of the slide changes as the result of the
complex lecture video recording methods. In addition, shot boundary detection method using
FTP achieves the worst performance for detecting slide transition. The amount of training data
helps the spatio-temporal residual network learn the transition characteristics across video
frames. We classify the noises into several types of frame volume and the model avoids the
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various noise interruption by classified learning. In contrast, above three methods and some
algorithms(e.qg., [32]) detect slide transitions with artificial designed features. They focus on
the characters of slide changes and ignore to learn the different types of temporal noise
characters. Apart from good performance, the system is also superior at scalability. The
proposed C3D Residual block in the system is suitable for spatio-temporal feature learning
and it is simple, efficient and generic. In addition to the slide transition detection, the C3D
Residual block can be also applied to other visual fields, e.g., video retrieval and shot change
detection. Other methods are good at extracting spatial features but they are unable to
summarize the temporal evolutional among adjacent video frames, which is important for
various tasks.

The proposed slide transition detection is performed on a single 1080Ti GPU. In our
experiment, the spatio-temporal residual network model is trained on 24K video frames and it
takes about 43 minutes in total with 100 epoches, i.e., 0.003s per frame volume. We test the
trained model on 53k video frames and the proposed system is processing at 60 fvps (frame
volume per sec), e.g., 120 fps. The time complexity of the other three methods respectively is
4.6fps(FTP), 195fps(SVD) and 6.3fps(SPD). Note that we cannot find GPU implements of
comparison methods and it is not trivial to implement a parallel version of these algorithms on
GPU.

5. Conclusion

In this paper, we present the spatio-temporal residual network approach to detect slide
transition in lecture videos. By combining the 3D ConvNet and ResNet, a novel network
architecture is constructed. After spliting the input lecture video into video segments named
frame volume, we divide these frame volumes into three classes and sent them into the
classification model. By classifying each frame volume, the slide transition detection is
accomplished. Experimental result shows that our system successfully extracts key frames by
slide transition detection over various types of lectures videos and achieves the best
performance.
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