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Abstract: Mobile Augmented Reality merges the virtual objects with real world on mobile devices,
while video retrieval brings out the similar looking videos from the large-scale video dataset.
Since mobile augmented reality application demands the real-time interaction and operation, we need
to process and interact in real-time. Furthermore, augmented reality based virtual objects can be
poorly textured. In order to resolve the above mentioned issues, in this research, we propose a
novel, fast and robust approach for retrieving videos on the mobile augmented reality environment
using an image and video queries. In the beginning, Top-K key-frames are extracted from the videos
which significantly increases the efficiency. Secondly, we introduce a novel frame based feature
extraction method, namely Pyramid Ternary Histogram of Oriented Gradient (PTHOG) to extract
the shape feature from the virtual objects in an effective and efficient manner. Thirdly, we utilize the
Double-Bit Quantization (DBQ) based hashing to accomplish the nearest neighbor search efficiently,
which produce the candidate list of videos. Lastly, the similarity measure is performed to re-rank the
videos which are obtained from the candidate list. An extensive experimental analysis is performed
in order to verify our claims.
Keywords: mobile augmented reality; pyramid ternary histogram of oriented gradient; double-bit
quantization

1. Introduction
Augmented Reality (AR) represents the combination of actual world data and computer-generated
virtual three dimensional object data. It is stands on mixed based reality since, it consider both real
world and virtual object data. By using the augmented reality user can get experience both realistic
and virtual world. Augmented reality has numerous application such as education, medical, museum,
e-commerce, construction, tourism, navigation and many more [1–3]. In this paper, we are considering
Mobile Augmented Reality (MAR), which is one of the sub-section of augmented reality. During the
last few years, MAR based applications draw attention from both the academy and industry. The main
characteristics of a MAR system are: combining virtual and real objects in a real environment, should
have real-time interaction, running or displaying the augmented view on a mobile device [4]. On the
other hand, Video retrieval refers to retrieving similar videos from the video database by using the
queries, where the query can be image or video.
Mobile Augmented Reality application demands real time interaction, so we cannot apply existing
shape based robust features (e.g., SIFT [5] and SURF) that have good matching performance, since these
feature descriptor are not computationally efficient for real-time Augmented Reality applications [6].
Moreover, MAR combines the computer generated virtual objects with the real world environment,
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which cannot be handled by existing texture based feature descriptor (e.g., LBP or LTP), since
augmented reality based virtual object can be poorly textured [7,8].
So in order to address the above issues, our paper presents a new approach for video retrieval on
mobile augmented reality based on a lightweight novel feature descriptor, which extracts the shape
features. At first, we extract the top-k (e.g., k = 10 or 15) key frames from the each videos using frame
comparison which reduces the computational expenses drastically. Then, we extract the shape features
by employing our proposed feature descriptor, Pyramid Ternary Histogram of Oriented Gradients
(PTHOG) to bring out prominent information from the virtual objects that are texture-less. After that,
we utilize the double-bit quantization [9] based hashing approach to generate the candidate list by
searching the nearest neighbors. Finally, similarity measure is performed using cosine similarity to
re-rank the videos from the generated candidate list. The notable contribution of our work can be
summarized as follows:
•

•
•

•

To the best of our knowledge, this is the first attempt for video retrieval in Mobile Augmented
Reality (MAR). Video retrieval is performed on mobile augmented reality environment by using
both image and video queries.
Firstly, we have extracted the top-k key frames from the videos using frame comparison scheme
which significantly increases the efficiency.
Furthermore, we proposed a novel, fast and robust frame based descriptor, namely Pyramid
Ternary Histogram of Oriented Gradients (PTHOG), which extract the shape features from the
texture-less virtual objects.
Due to lacking’s of video dataset in the area of augmented reality, we also introduced an AVD8 [10]
dataset with holograms and augmented reality environments that include both real world and
virtual objects.

The remainder paper is planned as follows. The following section introduces a review of related
researches that have been proposed for the augmented reality and video retrieval. In Section 3,
we discuss the proposed approach. Section 4 illustrates the dataset employed and experimental
analysis. Finally, Section 5 concludes the paper.
2. Related Work
Various research works have been already proposed for augmented reality and video retrieval.
In this section, we are going to present the related works which focus on augmented reality and
video retrieval.
2.1. Augmented Reality Based Research
K. Shirahama et al. [11] introduced Query-By-Virtual-Example (QBVE) by applying the virtual
example to retrieve the videos. Here, they employed 3D object, user’s gesture and background image
to create a virtual example. However, to produce the virtual examples user effort and involvement are
highly required. In [2], Peng Chen et al. proposed 3D registration technique by using planar natural
features on the android platform. Here, they implemented the optical flow and ORB [12] to extract the
features. Leszek Kaliciak et al. [13] proposed content based image retrieval in remote sensing and ocean
monitoring systems by developing user communication. In [14], Ada Boost algorithm and Local Binary
Pattern is presented to simulate eye glasses try-on approach for extracting the features and tracking
eyes. Mina Makar et al. [15] proposed inter-frame predictive coding and an efficient coherent key-point
detector at a low bit rate on MAR. For automotive industry application, J. P. Lima et al. [3] proposed a
marker-less tracking system pipeline on AR environment. Here, they introduced a complete natural
feature based tracking system. The main purpose of their system is end-users are capable to track the
vehicle exterior and recognize its parts. Although, their technique suffers from low frame rate when
the number of 3D key-points is large. Pombo et al. [16] designed an interactive application on MAR to
recognize activities of geocaching in outdoor environments. A mobile navigation system is proposed
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in [17], to present the display function of markerless augmented reality which is able to support the
multiple targets. Zhang [18] designed a framework for MAR game using image recognition techniques.
Rao et al. [19] developed a fast, markerless and robust MAR approach for registration, geovisualization
and interaction purposes. Furthermore, they utilized a deep learning approach for object detection.
In [20], the initial version of our work is presented, which only consider the image as a query.
2.2. Video Retrieval Based Research
In this section, we present former research works on video retrieval. Y. Zhu et al. [21] used locality
hashing and proposed a feature extraction technique called temporal-concentration SIFT (TCSIFT) in
order to perform video copy retrieval from large scale video data. In [22], spatio-temporal pyramid
matching (STPM) was proposed for video matching, while optical flow and SIFT was employed
to extract features from the videos. To perform the robust mobile visual search, Wu Liu et al. [23]
employed deep learning based hashing. For video retrieval and indexing a novel shot frame clustering
is proposed in [24] to extract key frame and feature. However, no existing researches considered the
video retrieval in the MAR environment. Zhao et al. [25] introduced a new approach to classify and
recommend videos based on facial expression recognition of viewers. In order to extract the features
they employed Haar-like features and hidden dynamic conditional random fields (HDCRFs).
3. Proposed Method
In this section, we describe our proposed approach for video retrieval on Mobile Augmented
Reality. Figure 1 demonstrates the proposed system architecture which consists of three important
layers: Storage Layer, Data Processing Layer and Application Layer.

Figure 1. System architecture for the proposed approach.

Storage Layer is mainly responsible for storing the large scale video data augmented with
virtual objects and feature DB which contains the extracted feature information of the video data.
Data Processing Layer is responsible for processing the video data; here two kinds of processing are
runs on, one is on the cloud server and another one is in the mobile device. In the cloud server, database
videos with virtual objects are processed, while in the mobile device, query image or video data are
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processed. The detailed function of Data Processing Layer is presented in Figure 2 which shows the
detailed scenario for video retrieval on MAR. In the offline process, we process the database videos with
virtual objects, here at first, we perform the top-k key-frame extraction and then apply the proposed
frame based feature descriptor Pyramid Ternary Histogram of Oriented Gradient (PTHOG) to the
extracted Top-K key-frames. After that, we save the extracted feature in the feature database. On the
other side, for online processing, we perform the pre-processing that includes resizing, conversion of
query image or video frame, Top-K key frame extraction and shape feature extraction from the query
image or video frames. These operations are performed on the mobile device. After that, to retrieve
the similar videos from the video database a hashing approach namely, Double-Bit Quantization
(DBQ) [9] is utilized and to re-rank the retrieve videos cosine similarity measure is employed. Lastly,
the Application Layer responsible for real-time user interaction and displaying the retrieved augmented
video data to the end-users.

Figure 2. A detailed scenario for video retrieval on MAR.

3.1. Pre-Processing
Pre-processing steps are employed for both image and video frames. It includes image and frame
resize and RGB to gray scale conversion.
3.2. Top-K Key Frame Extraction
To represent summery of video key-frame extraction process plays a significant role. By extracting
the frame we can reduce the computational complexity as well as required memory while processing
the videos. In this paper, we extract the top-k key frame (e.g., k = 10 or 15) from the database videos
and the query video by employing frame comparison which significantly increases the efficiency.
Algorithm 1 explains the procedure for Top-K key frame extraction. Here, we first take the consecutive
frames and find the histogram difference between them. Based on these histogram difference we
return the top-k frames with the highest difference. From these Top-K key frames we extract the shape
feature using our proposed feature descriptor.
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Algorithm 1 Top-K Key Frame Extraction
Input: Video File
Output: Top-K Key-Frames
Key-Frame(video)
for i ← to Number-of-Frames do
A ← ReadFrame(video, i);
B ← ReadFrame(video, i + 1);
Threshold ← HistDifference(A, B);
X[i] ← Threshold
[sortedX, sortingIndices] ← sort(X, ’descend’);
3.3. Pyramid Ternary Histogram of Oriented Gradients(PTHOG)
Since, augmented reality based virtual objects can be poorly textured [7,8], so it is not appropriate
to utilize the texture based feature descriptor to obtain the features from the virtual objects. So, in order
to obtain the prominent information from the poorly textured virtual objects, shape based feature
descriptor can be utilized. Various shape based feature descriptor (e.g., SIFT [5]) are already proposed,
however, those extraction approaches are not appropriate for real time augmented reality applications
[6]. Since these approaches first detect keypoints and then calculate the descriptors, which increases the
computational time. To address the above issues, in this paper, we present a novel frame based shape
feature descriptor, namely Pyramid Ternary Histogram of Oriented Gradient (PTHOG), which is an
extension of PHOG [26] and BHOG [27]. Shape information in PTHOG is described by the distribution
of intensity gradients. Here at first, we divide each frame into the cell with the different level of the
pyramid. Then, the square of the gradient magnitude and each pixel orientation with 3 × 3 block is
computed. After that, we create an orientation histogram HOG ( p), p = 0, 1, ..., 8; as like as HOG [28]
feature extraction approach. Lastly, the feature vector is formed based on the histogram values by
comparing with a threshold value. The following equation represents our proposed feature descriptor,
p −1

THOG =

∑ S( HOG(z) − a) ∗ 2z

(1)

z =0



 1,
S (i ) =
−1,

 0,
a=

1
9

i f i > threshold
i f i < threshold
otherwise

(2)

p −1

∑ ( HOG(z))

(3)

z =0

where, z are the orientation histogram values of all the pixels within a block and i is the difference
between HOG (z) − a. In the experiment, the threshold value is set to 10, which is chosen empirically.
THOG is split into two binary codes (upper pattern code and lower pattern code) and represented as
two separate histograms. After that, these histograms are concatenated to produce the intermediate
THOG, which is represented as THOG = [UTHOG LTHOG]; where UTHOG is Upper Ternary HOG and
LTHOG is Lower Ternary HOG. The final PTHOG descriptor for a frame or image is a concatenation of
all the THOG vectors at each pyramid level, PTHOG = [ THOG1 THOG2 ...THOGn ]. The concatenation
of all the THOG vectors introduces the spatial information of the frame or image. Figure 3 illustrates
the proposed feature descriptor, Pyramid Ternary Histogram of Oriented Gradient (PTHOG). The main
advantages of using PTHOG over PHOG [26] and HOG [28] are: PTHOG feature extraction method
does not need to perform the square root action to get the gradient magnitude since it compares the
value of histogram with the average of the orientation histogram of each pixel and a given threshold
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value. Moreover, it does not compute the normalization of the orientation histograms. PTHOG
generates ternary codes which increase more discriminative power than BHOG [27] and reduces the
issue of noise that BHOG may suffer.

Figure 3. Proposed feature descriptor, Pyramid Ternary Histogram of Oriented Gradient (PTHOG).

3.4. Double Bit Quantization (DBQ)
To generate the candidate list nearest neighbor searching plays an essential role in computer
vision and retrieval information. Though several nearest neighbor searching approaches are proposed
previously, however, this traditional approach requires higher computation while it scans all the data
point. To solve this kind of issue many researchers proposed the nearest neighbor searching technique
based on hashing approach. In recent days, most of the researchers proposed single-bit quantization
process where each projected dimension place on the single bit with a threshold value. However,
in single-bit operation threshold typically lies on the highest density point place and also neighboring
value near threshold represent totally dissimilar value. To resolve this kind of issue, we utilized
Double-bit Quantization (DBQ) [9] based hashing technique. The main idea of DBQ is to quantize each
projected dimension into double bits with adaptively learned thresholds and it enables the real value
to be represented by four different binary codes.
3.5. Similarity Measure
Lastly, we employed the similarity measure in order to re-rank the videos obtained from the
nearest neighbor search. In this step, we utilized the cosine similarity measure. The cosine similarity
estimates the angle between two feature vectors corresponding to the query image or video feature
and feature of database videos. The cosine similarity equation is represented as,
cosθ =

q a · qb
kq a k · kqb k

(4)

4. Experimental Results
The performance of video retrieval on MAR is tested upon UCSB dataset [29] and AVD8
dataset [10]. In order to measure the performance of the proposed approach we computed the efficiency
and mean Average Precision (mAP). The average precision (AP) is computed based on a single query
(image or video) to validate the retrieval performance whereas, mean Average precision (mAP) is
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measured by computing the mean value over multiple queries, which was the final measurement of
the video retrieval performance.
4.1. Datasets
4.1.1. UCSB Dataset
In [29] UCSB dataset was first proposed. This dataset covers total a 96 video, where it includes
total 6889 number of video frames with six different kinds of planner textures and various motion
pattern. The categories are Paris, woods, sunset, bricks, mission and building. Each video resolution is
640 × 480. Figure 4 represents an example of USCB dataset.

Figure 4. An example of UCSB dataset.

4.1.2. AVD8 Dataset
AVD8 dataset [10] consists of 8 categories including 400 videos with augmented virtual objects
and holograms taken on real environment. Each category comprises 50 video clips. The categories
are Dog, Tiger, Gorilla, Santa-Claus, Spider-Man, Wolf, Man Dance and Monkey. It also includes
videos with large variation in scale, object appearance, object motion and illumination. Furthermore,
it contains poorly textured virtual object in Marker-less Augmented Reality environment. Figure 5
represents an example of an AVD8 dataset.

Figure 5. An example of AVD8 dataset [10].
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4.2. Experimental Results on UCSB Dataset
Figure 6 demonstrates the average time for different feature extraction methods along with
proposed PTHOG without TOP-K key frame extraction on UCSB dataset, while Figure 7 illustrates the
comparison between the different feature extraction methods and matching time on average with k
(Number of Key Frame) = 10 and 15. PTHOG requires 12,329.1 milliseconds without TOP-K key frame
extraction and 1761.3 milliseconds with TOP-K (k = 10) key frame extraction. From these experiments,
we can see that PTHOG outperforms SIFT [5] and STPM [22] significantly, while it requires almost
similar amount of time to LAID [30], LBP [31] and HOG [28].

Figure 6. Average time for feature extraction methods without TOP-K key frame extraction on
UCSB dataset.

Figure 7. (a) Comparison on the different feature extraction methods and matching time on average
when k (Number of Key Frame) = 10 and (b) Comparison on the different feature extraction methods
and matching time on average when k (Number of Key Frame) = 15.

Figure 8a demonstrates the confusion Matrix for the proposed method on UCSB dataset for image
query while Figure 8b illustrates the confusion Matrix for the proposed method on UCSB dataset for

Appl. Sci. 2018, 8, 1860

9 of 13

video query. For both the image and video query sunset category shows the best result among all the
other categories, while Mission and bricks categories show the lowest mean average precision due to
the complexity, noise and motion blur of the videos.

Figure 8. (a) Confusion Matrix for proposed method on UCSB dataset for image query and (b)
Confusion Matrix for proposed method on UCSB dataset for video query.

Figure 9a represents the comparison between the proposed method and other existing approaches
on the UCSB dataset for image query and Figure 9b represents the comparison between the proposed
method and existing approach on the UCSB dataset for video query. The Proposed feature descriptor
PTHOG shows 88.3% mean Average Precision (mAP) for image queries and 91.17% mean Average
Precision (mAP) for video queries on UCSB dataset. From these experiments, we can see that, proposed
feature extraction method outperforms LAID [30], LBP [31] and HOG [28] significantly by 7.2%, 11.5%
and 6.6% respectively for image queries and 4.07%, 5.37% and 3.87% respectively for video queries,
while it shows competitive comparison with SIFT [5] and STPM [22]. However, deep learning based
method ImageNet [32] shows the best performance due to its discriminative power. Figure 10 shows
the retrieval results for the UCSB dataset on 3 selected categories and in this experiment the query is
an image. Based on this query image we retrieved top-4 similar videos from the database.

Figure 9. (a) Comparison with existing approach on the UCSB dataset for image query and (b)
Comparison with existing approach on the UCSB dataset for video query.
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Figure 10. Retrieval results for UCSB dataset: (a) Query image and (b) Retrieved top-4 resultant videos
from database.

4.3. Experimental Results on AVD8 Dataset
Figure 11 demonstrates the average time for different feature extraction methods along with
proposed PTHOG without TOP-K key frame extraction on AVD8 dataset. PTHOG requires 29,780.52
milliseconds without TOP-K key frame extraction. From these experiments, we can see that PTHOG
outperforms SIFT [5] and STPM [22] significantly, while it requires almost similar amount of time to
LAID [30], LBP [31] and HOG [28].
Figure 12a demonstrates the confusion Matrix for the proposed method on the AVD8 dataset for
image query while Figure 12b illustrates the confusion Matrix for the proposed method on the AVD8
dataset for video query. For both the image and video queries Santa-Claus and Dog categories show
the best result among all the other categories, while Wolf and Tiger categories shows the lowest mean
average precision, since these two categories virtual object looks almost similar in shape to each other.

Figure 11. Average time for feature extraction methods without TOP-K key frame extraction on
AVD8 dataset.

Figure 13a illustrates the comparison between the proposed method and other existing approaches
on the AVD8 dataset for image query and Figure 13b shows the comparison between the proposed
method and existing approaches on the AVD8 dataset for video query. The Proposed feature descriptor
PTHOG shows 92.87% mean Average Precision (mAP) for image queries and 93.7% mean Average
Precision (mAP) for video queries on the AVD8 dataset. From these experiments, we can see
that, proposed feature extraction method PTHOG outperforms LAID [30], LBP [31] and HOG [28]
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significantly for both image and video queries, while it shows the competitive result with SIFT [5] and
STPM [22]. Deep learning based method ImageNet [32] shows the best performance along all, due to
its discriminative power. Temporal information is taken in account for STPM [22] and TCSIFT [21],
whereas deep spatial information is obtained for ImageNet [32]. However, SIFT [5], STPM [22] and
ImageNet [32] require much more computational time than the PTHOG, so these approaches cannot
be employed in this application domain, since we need real time interaction. Similar to the Figure 10,
Figure 14 also shows the retrieval results for the AVD8 dataset on 3 selected categories and in this
experiment the query is an image.

Figure 12. (a) Confusion Matrix for proposed method on AVD8 dataset for image query and (b)
Confusion Matrix for proposed method on AVD8 dataset for video query.

Figure 13. (a) Comparison with existing approach on the AVD8 dataset for image query and (b)
Comparison with existing approach on the AVD8 dataset for video query.

Figure 14. Retrieval results for AVD8 dataset: (a) Query image and (b) Retrieved top-4 resultant videos
from database.
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5. Conclusions
In this paper, we proposed video retrieval on Mobile Augmented Reality by using both image and
video quires. We introduce a novel frame based feature descriptor called Pyramid Ternary Histogram
of Oriented Gradients (PTHOG) to extract the shape features. We also presented a new mobile
augmented reality based dataset namely, AVD8 dataset. Here, we first extract the Top-K key frames
based frame comparison. Then, we perform shape feature extraction using our proposed feature
descriptor. After that, we utilize the double-bit quantization (DBQ) method for nearest neighbor
search and candidate list generation. Lastly, we perform a cosine similarity to re-rank the videos.
The experimental result demonstrates that our proposed approach shows efficiency and competitive
mean Average Precision (mAP) compared to state-of-the-arts.
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