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Abstract
In this paper, we proposed a deep neural network based method for content based video retrieval. Our approach leveraged
the deep neural network to generate the semantic information and introduced the graph-based storage structure to establish
the video indices. We devised the Inception-Single Shot Multibox Detector (ISSD) and RI3D model to extract spatial semantic
information (objects) and extract temporal semantic information (actions). Our ISSD model achieved a mAP of 26.7% on MS
COCO dataset, increasing 3.2% over the original SSD model, while the RI3D model achieved a top-1 accuracy of 97.7% on
dataset UCF-101. And we also introduced the graph structure to build the video index with the temporal and spatial semantic
information. Our experiment results showed that the deep learned semantic information is highly effective for video indexing
and retrieval.

CCS Concepts
•Computing methodologies → Visual content-based indexing and retrieval;

1. Introduction

With an increasing number of videos are generated nowadays, it
is essential to index and retrieve the video data efficiently to com-
bat the information explosion. The common method of video in-
dexing and retrieval is usually achieved by manual annotations.
Content-based means retrieving by analysing the contents of the
videos rather than the metadata such as tags and descriptions
associated with the video. Content-based video semantic search
aims at searching the high-level semantic concepts of the video
content. A concept can be presented as video, audio, or seman-
tic tag of objects, people, actions and scenes in the video con-
tent [ALN∗17]. Our work focused on Zero-example (0Ex) Video
Search (AVS) [ALN∗17] which is basically text-to-video search.
In this scenario the end user may be interested in the semantic
information such as objects, actions in the video and queries are
given in text format. Such video retrieval task depends heavily on
the accuracy of interpreting the semantic content of videos. The
general method is annotating and indexing videos with semantic
information by manual work during offline processing, and then
search videos with relevant semantic information matching query
expression [LNZN17, LZdBN16]. In our work, we devised an im-
proved object detection model ISSD and RI3D model to generate
the semantic information for the 0Ex task. Our structure is shown
in Figure 1. First, we employ the ISSD model and RI3D model to
extract semantic concept from the input video stream, the output
contains both temporal and spatial semantic information. Then we
employ WordNet [Mil95] to introduce structure based representa-
tion. Finally we built the indices for the video with the semantic

information output by the deep neural network. WordNet [Mil95]
provides the graph-based storage structure and support of fuzzy
query. We showed that AVS task can be accomplished by using
the semantic information extracted from video by the deep neural
network. Our contributions are:(1)We presented a video indexing
and retrieval method based on deep neural network.(2)We devised
the ISSD model and RI3D model for the 0Ex task.(3)Our work in-
troduced the graph-based structure to support fuzzy query in video
retrieval.

2. Related Work

A number of studies have been proposed on the video retrieval
and related subjects [JYM∗15, LAE∗16, JMYH14]. Many well-
established methods for video searching and retrieving have to
rely on manual annotation to understand the high level semantic
information of the video to process the video in semantic level
[PP16]. Some other approaches [JYM∗15, JMYH14, GM14] ex-
tract the key frame and the low level features to tackle this prob-
lem. Some methods based on machine learning was also proposed
[LAE∗16, GM14]. These methods trained a classifier with both
low-level and high-level features so that the final decision can be
obtained through the fusion of the individual classification results.
For example, Gkalelis et al. [GM14] demonstrated a representa-
tion for linear support vector machine(SVM) by subclass discrim-
inant analysis. Habibian et al. [HMS14] proposed to index videos
by composite concepts that are trained by combining the labeled
data of individual concepts.

Inspired by the deep neural network breakthroughs in the image

c© 2018 The Author(s)
Eurographics Proceedings c© 2018 The Eurographics Association.

DOI: 10.2312/pg.20181287 https://diglib.eg.orghttps://www.eg.org

https://doi.org/10.2312/pg.20181287


X. Men & F. Zhou & X. Li / A Deep Learned Method for Video Indexing and Retrieval

RI3D ConvNet

ISSD

Features extraction

Action concept

Object concept

Person
Punch 

bag

skis bottle

punching 
bag

boxing

High 
kick

Side 
kick

Object

Being

PersonAnimal

Instrumentation

Container

Bottle

Runner

SkisGame equipments

Punchin
g bag

Hit

PunchBox

Contend Fight Struggle

Graph based representationInput video stream

Concept Map

Concept indices

Temporal locationl indices

Concept_id : 2
...

Video_id : 1
...

Concept indices Temporal location indices

 Data structure of indices

Concept_id : 1              

Video_ids: [23,14, ]

Frame_ids:[34,35, ]

Confidences:[0.9,0.83, ]

Locations:[[x1,y1,y2,y2], ]

Video_id: 1

Frame_id: 1

Concept_ids: 1,72...

Confidences:0.9,0.76...

Locations:[[x1,y1,y2,y2], ]

Index

Index

Index

Figure 1: Schematic illustration of our overall architecture.

classification and object detection task [LAE∗16,CZ17,QWY∗16],
we introduced the deep neural network to extract semantic informa-
tion. We started by detecting objects and actions that occurs in the
video and then index video according to the semantic information
output by the deep neural network. The graph-based storage struc-
ture was introduced to store the semantic information, by which we
could build the semantic relationship between the extracted seman-
tic information and support more complicated searching queries.

3. Video indexing and retrieval

3.1. Obtain spatial information

To extract the spatial information better, we designed the ISSD ob-
ject detection model based on Single Shot Multibox Detector(SSD)
[LAE∗16]. The original SSD performance on the detection of small
objects is not satisfying, which means the extracted spatial infor-
mation is quiet limited. To solve this problem, we introduced the
Inception [IS15] structure to replace the convolutional layers of the
original SSD. Compared to the original 3×3 Convolution kernel,
the Inception structure stacks the 1×1, 3×3 and 5×5 convolution
kernels, which indicates the receptive field is a fusion of several
receptive fields. The 1×1 convolutional kernel could keep more
information of small objects. But this brings about some training
problems, such as over-fitting and vanishing gradient. So we also
introduced the residual network in our Inception block. The Incep-
tion block is shown in Figure 2. Considering the tradeoff between
speed and performance, we introduced the VGG16 structure for the
basic feature extraction. The size of the extra layers is the same as
the [LAE∗16] described. Consequently, the scope of the receptive
field is expanded, which improve the sensitivity of the network to
small objects. The structure of ISSD model is shown in Figure 3.

P
re

vi
o

u
s 

la
y

e
r

BN

N
e

x
t l

ay
e

r

C
o

n
v:

1
 x

 1

C
o

n
ca

t

Co
nv

:1
 x

 1
C

o
n

v:
1

 x
 1

Co
nv

:1
 x

 1

BN

B
N

B
N

B
N

Co
nv

:3
 x

 3
C

o
n

v:
3

 x
 3

Co
nv

:3
 x

 3

B
N

In
ce

p
ti

o
n

 B
lo

ck

Figure 2: The Inception Block
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Figure 3: the ISSD structure

3.2. Obtain temporal information

The 3D convolutional kernel and residual structure were applied
on the GoogLeNet to recognize the action of the video content. We
called our network RI3D network. Specifically, the convolutional
layer is similar with Inception block shown in Figure 2. We re-
placed the 2D convolutional layers with 3D convolutional kernels
whose depth size and depth strides are set to 3. The 3D convolu-
tional layer makes the network capable of extracting features of
multiple frames. We also incorporated the Two-Stream model in-
troduced in [SZ14] which provides the fusion of feature extracted
from RGB image and optical flow image.

We employ the TV-L1 Algorithm [ZPB07] to compute optical
flow. The optical flow values are truncated to the range [-20, 20] and
then rescaled between -1 and 1. The RGB frames are resized with
bilinear interpolation, preserving aspect ratio so that the smallest
dimension is 256 pixels. The pixel values are also rescaled between
-1 and 1. our experiment shows that these operation lead to a action
recognition accuracy.

3.3. Graph oriented indexing

The graph-based structure was introduced for building video in-
dices. We used WordNet [Mil95] lexical database. The WordNet
database is a graph-based representation of words (synsets) con-
nected with linguistic relations. The graph-based structure could
establish the relationships between concepts, which enable us to
transform the keyword into different words without loss of the ac-
curacy (e.g. search by the keyword animal, we could return dog,
cat, etc. We store the concepts as a graph

Gvideo = (N,E)

N = (Naction,Nob ject)

E = (Ehypernym,Ehyponym,Ederivation)

(1)

c© 2018 The Author(s)
Eurographics Proceedings c© 2018 The Eurographics Association.

86



X. Men & F. Zhou & X. Li / A Deep Learned Method for Video Indexing and Retrieval

Object

Being

Person

Instrumentation

Game 
equipments

Punching bag

Hit

PunchBox

Fight
People someone

holonymholonym

h
yp

er
n

ym

h
yp

er
n

ym
h

yp
er

n
ym

Sport

Athletics

Boxer

Boxing

Puncher

holonym

catego
ry

V
id

eo
 &

 S
em

an
ti

c 
co

n
ce

p
ts

W
or

d
n

et
 le

xi
ca

l d
at

ab
as

e

Figure 4: graph-based representation of video semantic concepts.

Figure 4 illustrates the graph representation of a video contains ob-
ject punch bag and action boxing. The dash line outlines the search
route of the keyword puncher, which match the extracted semantic
concept punch by the derivation related form.
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Figure 5: Data structure of indices for storage

The semantic information extracted by the models was used to
establish indices. The index structure is designed as the Figure 5
shows. Indices bridge the gap between the concepts and video.
And the graph-based storage and linguistic relations are kept by
the WordNet. In implementation, we set up two tables and sev-
eral indices to accelerate the query speed of different query state-
ments, Specifically, we selected the objects whose confidence score
is more than 0.8 and the top-1 action class to establish the indices.

4. Experiments

In our work, the ISSD model was trained on the MS COCO dataset
and the RI3D model was trained on Kinetics and UCF-101 dataset.
The Xavier [GB10] method was introduced to initialize all param-
eters in our neural network and the Adam optimizer was employed
to train our network. Both of the network are initialized with Im-
ageNet weight initialization. The batch size was set to 32 and IoU
was set to 0.5. The video stream was decoded as many RGB frames
and fed into the model. The input size is 300 pixels×300 pixels.

Table 1 shows the ISSD’S performance on COCO and Table 2
shows the Top-1 accuracy RI3D model on UCF-101. We obtained a
mAP@[0.5:.05:.95] of 26.7% on COCO and an accuracy of 97.7%
on UCF-101. Compared to the original SSD model, the precision
and recall in detecting small objects are both largely improved,

Table 1: COCO test-dev2015 detection results.

Model mAPAP50APS APMAPL ARS ARMARL

Fast [BLZBG16] 20.5 39.9 4.1 20.0 35.8 7.3 32.1 52.0
Faster [LMB∗14] 24.2 45.3 7.7 26.4 37.1 12.0 38.5 54.4
YOLOv2 [LAE∗16] 21.6 44.0 5.0 22.4 35.5 9.8 36.5 54.4
SSD300 [LAE∗16] 23.2 41.2 5.3 23.2 39.6 9.6 37.6 56.5
ISSD300 26.7 42.6 8.4 25.9 40.3 14.4 42.5 59.7

Table 2: Accuracy on UCF-101 dataset

Methods Accuracy
Two-Stream [SZ14] 88.0

Dynamic Image Networks + IDT [BFG∗16] 89.1
Two-Stream Fusion + IDT [FPZ16] 93.5

C3D one network [FPZ16] Sports 1M pre-training 82.3
RGB-RI3D, Kinetics pre-training 95.6
Flow-RI3D, Kinetics pre-training 96.9

Two-Stream RI3D, Kinetics pre-training 97.7

while the AP increases 3.1% and the AR increases 4.8%. We ex-
plained this by the capability of the inception block on feature ex-
traction, and the different convolution kernel made the feature map
keep more details. And the accuracy of action recognition accuracy
also achieves a significant improvement.

The 0Ex task was conducted on UCF-101 dataset. Figure 7
shows some sample query results. Human effort was introduced to
count true/false positives. We took 100 queries for the experiment
evaluation. Figure 6 shows the precision distribution. Our experi-
ments on UCF-101 dataset by keyword search achieved an average
precision of 76.2%.

Figure 6: retrieval precision distribution on UCF-101 dataset

5. Conclusion

In this work, we demonstrated that deep neural network is suit-
able and capable of extracting semantic information of videos. We
devised the RI3D model to extract temporal semantic information,
which enable us to search video by the action occurred in the video.
Our ISSD model proved that the fusion of receptive fields helps to
keep more information and leads to an improvement on object de-
tection which we used to extract semantic concepts. We also lever-
aged the graph-base storage to support fuzzy query which proves to
be an aided method for video retrieval. We demonstrated that AVS
task could be accomplished with a high performance by the deep
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Figure 7: 0Ex Video retrieval result sample on UCF-101 dataset

learned involved method. Future work may leverage well designed
model as a base component for video retrieval task.
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