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Abstract—

The goal of video summarizing is to condense a
lengthy film into a concise one that conveys the
main points and mood of the source material.
This is useful since it allows us to get the main
points from a shorter film without having to watch
the whole thing. The majority of supervised
learning video summarization algorithms now
employ CNNs, with a few also using recurrent
neural networks. We present VidSum, a Deep
Learning architecture for video summarization. For
video summarization, we use a combination of
convolutional neural networks and long short-term
memory (LSTM) networks. With the help of our
deep learning model, we can identify which frames
are most significant at certain points in time and
then create video summaries that are both coherent
in terms of time and include all of the relevant
information from the movie. When tested on the
well-known TVSum and SumMe datasets, our
model achieved better results than competing
algorithms when it came to video summarization.
The following terms are associated with deep
learning: supervised learning, video summarization,
LSTM (long short term memory), and convolutional
neural networks (CNNs).

I. INTRODUCTION

We engage with and consume a great deal of video
data these days because of the proliferation of social
media and online video providers such as Netflix and
YouTube. The internet receives hundreds of hours of
video content every minute. Beyond that, video data
has multiplied in the last decade and is still growing
at an incredible pace, all because cameras are

everywhere, from inexpensive CCTV security
cameras to our cellphones. Finding effective video
summarizing algorithms that extract the most
important parts of a film and make human labor
unnecessary has therefore become a pressing need.
By providing a brief overview of a movie, video
summarizing allows for more efficient viewing of
massive video datasets. Reducing the original video
to a few key frames can make videos more
educational, impressive, and engaging.
There are a plethora of practical uses for video
summarization. Video surveillance is one example
that is highly relevant. Humans aren't particularly
efficient when it comes to watching 24-or even 72-
hour video surveillance recordings. Thanks to Video
Summarization, investigators can save countless
hours of footage by simply watching a condensed
version of the entire surveillance feed. The model can
sift through hours of footage of a parking lot, for
instance, and pull out the crucial moments to include
in the summary. The court system would greatly
benefit from this as it would speed up investigations
and be quite wuseful in legal situations.
Automated movie trailers may also be made using
Video Summarization. Directors and movie editors
would have less work to do if this happened. You
may use it to make stunning video highlights from
longer events, like weddings and birthday parties,
instead of watching the entire 6-7 hour lengthy
footage. In addition, we can use video summarization
to make better image and video carousels or
combined short 1-2 minute videos right on our
phones from our photo galleries. It's very similar to
how we make them now, but with better results.
Thus, video summarization is highly beneficial in the
real world and is a continuous field of study, with
many researchers contributing to it and working on it.
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II. RELATED WORK

For video summary, several various methods have
been used. Unsupervised Learning [16] was used by
Kanafani et al. [2] to summarize videos. Similarly,
Shemer et al. [13] and Jadon et al. [12] have used
Unsupervised Learning to extract crucial moments
from videos.
Besides that, a lot of research articles on video
summarization have made use of supervised learning,
including methods like recurrent neural networks
[18], convolutional neural networks [17], etc. [20].
Video summaries have been created using supervised
learning by Zhu et al. [4] and Elfeki et al. [15].
Convolutional Neural Networks have been used by
Huang et al. [14], Rochan et al. [10] and Fajtl et al.
[11], while Vasudevan et al. [9] have utilized both
Convolutional and Recurrent Neural Networks.
For video summary, several really novel methods
have also been used. Graphs, in which nodes
represent specific parts of a video, have been used by
Papalampidi et al. [7]. Famous TV program videos
have had their text and colors extracted by Hohman
et al. [8] for the purpose of summarization. When
training their networks to generate video summaries,
Apostolidis et al. [3] and Fu et al. [1] made use of
General Adversarial Networks [22].

A small number of scholars have also turned to
Reinforcement Learning [21] in an effort to address
the issue of video summarization. Zhou et al. [6] and
Lan et al. [5] trained their deep learning models using
Reinforcement Learning. Video summary has been
subjected to every conceivable learning technique,
including unsupervised, supervised, and
reinforcement  learning. However, supervised
learning approaches are the most successful. We
opted for supervised learning since, in this particular
case, the model outperforms other approaches when
it comes to learning. Among the many methods
explored to address the issue of video summarization,
supervised learning has produced some of the most
promising outcomes to yet. Our model incorporates
both Convolutional Neural Networks and Long
Short-Term Memory (LSTM) Networks [19]. For the
following reasons, we opted for LSTM networks
rather than alternative options: A. Recurrent neural
networks have the issue of vanishing gradients,
which prevents them from learning on extended data
sequences. LSTM is able to address the Vanishing
Gradient Problem because it is directly related to the
forget gate's activation function.
B. On huge datasets, LSTM Networks outperform
Gated Recurrent Units (GRUs) [23]. Even with
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massive datasets, their accuracy is excellent.
C. In contrast to Convolutional Neural Networks
(CNNs), which are limited to finding spatial
characteristics and patterns in image and audio data,
Long Short-Term Memory (LSTM) Networks can
handle sequential data and formulate predictions
based on it.

III. PROPOSED APPROACH

Partitioning a movie into its individual frames is the
first step in our suggested technique. Following their
input into the CNN, Convolutional Layers of the
network retrieve spatial characteristics from the video
frames. The LSTM network is then used to assess the
time-based relevance of these frames based on the
retrieved characteristics. The next step is to
determine if each of these images will be included in
the final summary by calculating their Temporal
Intersection over Union with the ground truth. If they
are, then they are classified as yes. The last stage is to
construct the summary movie by compiling all the
photos that were classed as yes.
There are five stages to our suggested solution:

A. Extracting Frames from video file:

A video is really just a collection of video sequences,
and each of those sequences contains pictures.
Consequently, we start by segmenting the video.
Afterwards, we take still pictures out of the video. As
a result, we can see a video in its entirety by
examining its individual frames. We use the Python
module OpenCV for this purpose. There are typically
24 frames per second (fps) in CCTV footage,
meaning that there are 24 pictures captured in a
single second. As a result, the model incorporates 24
still photos for every second of video. Additionally,
our model is compatible with 30fps and 60fps.

B. Feature Extraction from the extracted frames:

These retrieved frames are essential for our model to
learn the characteristics. We do this by extracting
spatial characteristics from the photos using
convolutional neural networks. Following the
aforementioned process of video frame extraction,
our model now begins to learn. To prevent the model
from being overfit, we have additionally included
dropout layers. Feature extraction from picture
frames by our model is provided by the output of
these layers.

C. Temporal interest proposals:
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Finding the most crucial frames to include in the
summary is the next step. Here, we use Long Short
Term Memory (LSTM) cells. Since LSTM cells may
also learn from their predecessors, we employ them.
The time-based interest video segments are crucial to

the success of any film or  video.
To establish the significance of a scene, we must be
aware of the scene that came before it

Because we employed LSTM, our model has
"memory" and can recall prior sequences, allowing it
to more accurately identify which parts of the movie
are most relevant to the summary. The model then
uses LSTM to suggest, in a time-coherent fashion,
which frames are interesting and significant.

D. Classification on
Intersection over Union:

the basis of Temporal

At last, we choose whether a frame will be included
in the final summation. We consider a proposal to be
positive and assign it a score of 1 if its Temporal
Intersection over Union (tIOU) is greater than 0.6
when compared with the Ground Truth summary
frames provided in the dataset. If this is the case, the
proposal is included in the final summary.
Any frame with a Temporal Intersection over Union
value below 0.6 is excluded from the final summary
since it is deemed negative and assigned a score of 0.
Therefore, we have maintained the Temporal
Intersection-Over-Union Threshold at 60% when
training our model.

E. Amalgamation of Frames:

To create the summary video, you must collect all the
frames that are good and have been awarded a score
of 1. The final video summary is produced by
merging these frames using the OpenCV library.
On display in Figure 1 is the flow diagram depicting
our suggested method for video summarization,
which we call VidSum.
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Fig. 1. Proposed Approach Flowchart of VidSum - Video Summarization
using Deep L eaming

IV.IMPLEMENTATION

These are the steps we implemented for our proposed
solution:

A. Collecting the datasets:

Training data is necessary for us to train our model.
Video clips and ground truth summaries provided by
humans are required for this. We need this to ensure
that the model can learn to prioritize video frames
and to compare the recommended frames to the
ground truth frames in terms of their temporal
intersection and union. Consequently, we gathered
the well-known TVSum [24] and SumMe [25]
datasets, which are used for video summarizing and
feature human summaries for each video across
different genres. Testing data is also necessary for
validation reasons; this will allow us to examine our
model's efficacy in generating temporally consistent
summaries and in proposing summary frames. To
facilitate testing and training, we partitioned the
TVSum and SumMe datasets accordingly. Using
human-created ground truth user summaries as a
guide, we sorted all of the video files and verified
that none of them were corrupt. This must be
completed in order for the model to acquire the
necessary knowledge and skills from the input
movies.

B. Preprocessing the input video files:

We developed a python script to pull still pictures out
of the video. For this, we relied on the OpenCV
Python package. In order for the Convolutional
Neural Network to gain knowledge from these
retrieved frames, this is carried out.
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C. Detecting and Extracting Features:

Using Maxpool2D layers interspersed  with
Convolutional layers, we developed a unique
machine learning model. By training on the pictures'
spatial properties, the Convolutional Neural Network
improves its ability to forecast which frame should be
chosen for the summary movie. Our convolutional
neural network (CNN) is trained and features are
extracted from the input video frames in Fig. 2.

Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:

18/300
19/300
20/300
21/300
22/3080 Lo
23/300
24 /300
25/300
26/300
27/300
28/300
29/380 L

: 0.6801/0,
.5809/0,

6685/ 1. 2686
6502/1.2311
3.5701/0.6431/1.2132
8.5741/8.6385/1.2127

5: 0.5608/0.6241/1.1849
(8.6175/1.1737
(0.6143/1.1640
5/0.5866/1.1322
0.6824/1.1348
/0.6271/1.1438
B.5948/1.1265
/8,6657/1.1360
.5773/1.0951
.5733/1.0753
0.5636/1.0604
2/0,5620/1.0641
.5665/1.08574
3.4924/8.5656/1.8579

Epoch:
Epoch:
Epoch:
Epoch: /

Epoch:
Epoch:
Epoch:
Epoch:
Epoch:

31/300
32/300
33/300
34/300

Fig. 2. Convolntional Nevral Network training and extracting features from
the frames

D. Reducing Overfitting:

We included 0.5-chance dropout layers between the
convolutional layers after realizing our model was
overfitting. As a result, overfitting is lessened. The
spatial characteristics retrieved from the picture
frames by our model are given to us as output by
these layers.

E. Feeding these frames into LSTM:

We have used LSTM to get a better understanding of
the frames that are coherent in terms of time after we
have extracted spatial features using convolutional
layers. The "Memory" feature of LSTM allows it to
recall the scene that came before the current one,
allowing it to assess the significance of the current
frame. The LSTM layers provide the output frames
that they believe should be included of the video
summary. These are the frameworks for proposals of
temporary relevance.

F. Comparing with ground truth summary video
frames:
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In order to determine the Temporal Intersection over
union, we compare the frames from the ground truth
summary video in the dataset with the frames from
the suggested frames (Fig. 3).

R E— E E—
Machine Summary [T ' I I ]
False positve  Trug positive K, T False positive

False nagatrves

Fig. 3. Comparing Proposed Frames with Grovad Truth Svmumary Frames

G. Classifying these frames on the basis of
Temporal I0U:

For a frame to be included in the final summary
movie, its Temporal Intersection over Union must be
greater than 0.6. We then mark it as positive. If a
frame's Temporal Intersection over Union is less than
0.6, we mark it as negative and remove it from the
final summary video. Figure 4 shows the results of
the calculation of the Temporal IOU (Intersection
Over Union).

B

Area of Intersection

= Area of Intersection

Area of Union

Area of Union

Fig. 4. Calevlating Temporal Intersection over Union

H. Creating Summary Video:

The frames that had a Temporal Intersection Over
Union (tIOU) more than 0.6 are included in the
summary movie, but the frames with a tIOU less than
0.6 are removed. The next step is to merge the
frames. To create the summary movie, all of the
chosen frames are blended together in the proper
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sequence. For this, we rely on the OpenCV python We iterated on the model's modifications and
package. optimizations to boost the

I Training the model:
nishit@nishit-ubuntu: ~fDownloads/src

Over the course of 30 hours, we trained the model
10,000 times. In order to improve the model's
accuracy, we trained it again after making many
adjustments. Overfitting was prevented by including
a couple dropout layers. The goal was to improve the
model's ability to understand the crucial parts of a
video clip and make it more generalizable. Our model
is trained on the SumMe dataset (Fig. 5) and the
TVSum dataset (Fig. 6).

Epoch: ?hrfluﬂ Loss: @.

] Epoch: 28
Epoch: 28
Epoch: 290/30
Epoch: i91f7ﬂﬂ

23] Epoch: ’U£I1Uﬂ Loss: 8,

] Epoch: 293/300 Loss: 8.

8] Epoch: 294/300 Loss: O

3] Epoch: 295/308 Los

] Epoch: 296/3080 Loss: @.1839/
Epoch: 2 B0 Loss: @
Epoch: B0 Loss

] Epoch: 299/308 Loss :
Testing done on tVSJN F-score: 0.6030

WL

LA U A LA

WL un
U

85:

L
LA

nishit @nishit-ubuntu: ~/Downloads/src

(LR R T T e T, |

R wa LA ua wmoLAa un

Start training on summe:

Epoch: 0/300 Loss: 0.9570/1.1018/2.0588 Fig. 7. Testing our model on TV Sum Dataset

Epoch: 1/300 Loss: 0.9430/6.9692/1.9122

ch: 2/300 Loss: 0.8813/0.8663/1.7475 precision of the model. In the end, we were able to

04] Epoch: 3/300 Loss: 0.7956/0.8545/1.6501 attain testing F-Scores of 60.3% on the TVSum
05] Epoch: 4/308 Loss: 0.7778/0.8236/1.6014 Dataset and 48.9% on the SumMe Dataset, as seen in
06] Epoch: 5/360 Loss: ©,7550/6.8230/1,5786 Figures 7 and 8, respectively.
D’] Epoch: 6/300 Loss: 0,7383/6.7884/1,5267
ITS] EprJrh: 7/306 Loss: 0.6949/6.8191/1.5146

© 8/300 Loss: 0.6799/0.7514/1.4313 nishit@nishit-ubuntu: ~/Downloads/sre

:02] Epoch: 298/300 Loss: 08.1517/98.29087/8.4424

. :03] Epoch: 291/300 Loss: 0.1484/0.3141/0.4545
:17:04] Epoch: 292/3060 Loss: 0.1450/6.2959/0.4489
T ; 85] Epoch: 293/300 Loss: 0.1614/0.2837/0.4451
nishit@nishit-abuntu: ~/Downloads fsrc

:06] Epoch: 294/300 Loss: 0.1435/6.2835/@ ¢'F1
87] Epoch: 295/300 Loss: 8.1562/0,293:
:07] Epoch: 296/300 Loss: 6. lllfif(i
:17:08) Epoch: 297/300 Loss: 0.1567/6.
:09] Epoch: 298/368 Loss: 0.1513/8.29
:10] Epoch: 299/308 L 0.1346/0. 28
:18] Testing done on summe. F-score: f

Start training on tvsum:
Epoch: 6/300 Loss: 1.0968/1.1236/2.2264
Epoch: _’.7 0.9517 ,a'” 9833/1.9351
Epoch: 2/300 Loss: 08.9874/0.8053/1.7126
] Epoch: 3 s ﬂ 8436/0.8475/1.6911
: Epoch: 4}3[”] 0.8505/0.7720/1,6225
5] Epoch: 5/300 988/0.8043/1.6032 Fig. 8. Testing our model on SumMe Dataset
146] Epoch: 6/300 Loss: 0.7301/0.7322/1.4623
Epoch: 7/300 Loss: 0.7228/6.7744/1.4972

B. Observations:

e s e o oo T B Dot We tried adjusting the Temporal IOU Threshold from

0.6 to 0.7 and 0.4, however the resulting summary
video lacked temporal coherence and yielded poor
results. We discovered that setting the Temporal IOU
Threshold to 0.6 yielded the most effective summary
films. Furthermore, as seen in Figure 9, the optimal
value for the Temporal Intersection Over Union
criterion was 0.6, which yielded the greatest F-Score.
Therefore, the optimal value for the Temporal IOU
Threshold was 0.6.

V. TESTING AND OBSERVATIONS

A. Testing:

After separating the TVSum and SumMe datasets for
training and testing, we put the model to the test by
comparing it to the testing subset of the original
datasets. To improve the model's accuracy, we
tweaked its hyperparameters and adjusted its settings.
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Fig. 9. Temporal I0U Threshold vs F-Score

VI. RESULTS

Ultimately, we were able to get testing FScores of
60.3% on the TVSum Dataset and 48.9% on the
SumMe Dataset after thirty hours of training and
fine-tuning the model. In terms of Video
Summarization, they represent an improvement over
earlier methods. Comparing our F-Score to those of
other authors' work on the subject of video
summarization using the TVSum and SumMe
datasets is shown in Table 1.

TABLEL Our FriaL F-SCORE COMPARED TO PREVIOUS WORKS
Model TV5um F-Score SumMe F-5core

FCSN (Rochan et al) [10] 527 415

VASNet (1. Fajtt et al) [11] 59.8 477

DR-DSN (Zhou et al) [6] 57.6 414

Chus 603 489

Test Results: F- Figures 10 and 11, respectively,
show the scores that our model earned on the TVSum
and SumMe datasets.

‘: :33] Epoch:

300 + 8.18

on tvsum, F-score:

Fig. 10. Final Testing F-Scores of cur model on TVSum Dataget
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9] Epoch:
B] Epoch: i

7:10] Testing done or

Fig. 11. Final Testing F-Scores of our medel on SumMe Dataset

Figure 12 shows the F-Scores our model earned on
the SumMe Dataset, while Figure 13 shows the F-
Scores on the TVSum Dataset, both of which were
compared to other video summarization approaches.
Images taken from a summary film that our algorithm
generated from CCTV surveillance footage are
shown in Figure 14.

FCSN M5

417

489

"] W 4 [H o &6 (L] 50

Fig. 12 Our Final F-Score as compared to other video swnmarization
techniques on Sunthe Dataset

FCSN 527

60.3

L € & H “ E L] &

Fig. 13. Our Final F-Score as compared to other video summarization
technigues on TVSum Dataset

VII. CONCLUSION

Consequently, our video summarizing methodology
is presented in this study. Our video summarizing
model approaches video summarization as a problem
of temporal interest detection, in contrast to existing
algorithms that just learn the significance score of
each video frame. It outperforms state-of-the-art
supervised models in video summarization thanks to
its ability to learn temporal coherence between video
frames. Ultimately, our model improved to the point
where it could independently extract relevant video
portions for inclusion in the summary and exclude
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irrelevant sequences altogether. Since our model
could effectively generate a high-quality summary
video including all the crucial elements of a video
clip, we were able to enhance accuracy for the video
summarizing issue. Our goal moving forward is to
make our unified structure more interest-based
coherent. In order to make our model work better, we
might also try to make the transitions between scenes
in a video more seamless in time.

Fig. 14. Sereenshots from snmmary video created by our model on CCTV

survetllance footage
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