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Abstract. This paper designs a parallel video retrieval based on Spark and deep
hash. The method comprises deep feature extraction using a convolution neu-
ral network based on partial semantic weighted aggregation; filtering features of
image information in deep networks; the extraction and distributed storage of
video summary keys; the establishment of distributed product quantitative hash
coding model of image, realizing the distributed coding compression of high-
dimensional features. The video parallel retrieval method proposed in this design
has the advantages of high retrieval accuracy and good retrieval efficiency.
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1 Introduction

In terms of video image feature extraction, content-based video retrieval initially mainly
manually extracted features through subjective judgment for specific scenes, such as tex-
ture, edge, shape, and color features, which is easy to lead to incomplete image feature
extraction [1-5]. The emergence of convolution neural networks (Convolution Neural
Networks,CNN) provides an implicit automatic image feature extraction scheme for
learning. The CNN-based depth feature can not only retain more image detail informa-
tion, but also perform traditional features in terms of image feature representation. In
recent CNN-based video retrieval studies [6-9]. The VGG model has deep network lay-
ers and good versatility, but the number of training features is very large, and more noise
features are independent of the image information. Therefore, it is necessary to sup-
press the background noise in the deep feature extraction part and highlight the effective
discrimination part, so as to extract the more effective depth feature information [10-14].

To improve the accuracy of video retrieval, the extracted video key-frame image
features need to retain more image information. Thus its features tend to include higher
dimensions such as the CNN model extracted by VGG-16 based deep features of 4096
dimensions and large feature dimensions also reduce the efficiency of feature storage
and retrieval [15—19]. Therefore, the coding compression of the high-dimensional char-
acteristic vector is achieved by using the hash coding method, thus saving the storage
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space and improving the computational efficiency [20-24]. However, these studies are
generally in a single-machine environment, and for distributed storage scenarios, we still
need to first concentrate all the data on a single node for coding model training, bringing
higher data calculation and storage pressure. Therefore, it is urgently necessary to adapt
to the video image distributed storage environment for distributed hash coding model
training, so as to optimize the process of hash model training and computational storage
[25-29].

In order to solve the above existing technical problems and improve the accuracy
and efficiency of video retrieval. A deep hash-based parallel video retrieval method is
proposed, combined with the characteristics of large-scale video retrieval.

2 System Design

The method of video parallel retrieval based on deep hash, the overall architecture
schematic diagram is shown in Fig. 1, mainly includes 2 parts:

(1) Video depth feature extraction of frame image based on CNN: extract the original
video data set to obtain video summary data set; conduct weighted aggregation
based on VGG network and PWA model, screen and form deep feature extraction
model; and generate image depth feature set based on the trained model.

(2) Video key-image feature quantification based on distributed hash: the training set
is divided according to the video summary image depth feature set, and the dis-
tributed hash coding model is trained; the image is generated according to the coding
model; the coding search according to the coding model to improve the efficiency
of searching.

3 Specific Implementation Plan

3.1 Deep Feature Extraction of Video Key-Images

First, the video summary image is extracted by the key-frame, and then the deep convo-
lution feature set through the convolution neural network VGG16 network model, and
then select the partial semantic based weighted aggregation method PWA to obtain the
final feature vector. The feature screening process utilizes an unsupervised strategy to
select a partial convolution layer filter to generate a probabilistic weight scheme, and
obtains the final feature representation by aggregating the weighted region representation
corresponding to each semantic content.

Asshownin Fig. 2, the video key-image depth feature extraction process is as follows:

(1) Forthe input query image /, first pass to the restrained deep network VGG-16 model
to extract deep convolution layer features f (consisting of C channel feature maps,
each with height H and width W). The image is represented by N a filtered partial
detector weighted aggregate, which is a vector representation in N x C dimensions.
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Fig. 1. Schematic drawing of the overall architecture
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Fig. 2. Diagrammatic of depth feature extraction process of video frame image

(2) The selection of partial discriminant detectors is trained based on the video key-
image feature data-set, and the feature graph channels with larger differences are
selected. Therefore, screened by calculating the variance of each channel feature,
the C channel variance of the C dimension vector V = {v{, va, ..., v, ..., vc}:

1 D
V=15D -’

i=1
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(3) The variance {vy, vy, ..., vc} of the channel C is sorted, and the former N discrim-
inant convolution layer filter with the largest variance is selected as some detector.
Then, the probability weight scheme is generated via unsupervised policies, each
corresponding to the implied fixed semantic content. The construction represented
by the weighted PWA of the selected probability weight scheme begins with a
weighted sum set of dimensional depth convolution C x W x H features f of an
image I with height H and width W:

W H

YD) =D walx, )f (%, )

x=1y=1

The coefficients w,, are the normalized weight, depending on the active value
v, (x, ) in the position (x, y) of the selected probability weight scheme generated
by a partial detector n:

1/8

va(x,y)

W H
(2 Z: va(x, y))l/e

Wn('x7 )’) =

The sum of and are the parameters of power normalization o and B power
scaling, respectively.
(4) Obtain N selected dimension C region representation ¥, (/) from the weighted and
pooling process, and then get a global dimension N x C representation vector v (/)
by connecting the selected region representation:

I/I(I) = [wlv 1//27 (X2} 1/fN]

Select the N part detector according to the variance value of the channel C of the
characteristic set, which improves the performance and computational efficiency.
(5) Implement l»-normalization, master component analysis (Principal Component
Analysis, PCA) compression and whitening of the global representation (1)
through post-processing, and obtain the final image feature M dimensional
representation Y¥pwy (I):

v )
v (Dl

Upwa(l) = diag (o1, 02, ..., 0m) 'V

Where V is the PCA matrix of size M x N, M is the number of reserved dimensions,
o1, 02, ..., o) is the associated singular value.

3.2 Distributed Hash Encoding Model

Distributed feature encoding model training is a hash product quantization coding for
the image feature set output by a convolution neural network and achieves fast retrieval
of an arbitrary image query via distributed coding storage. First, hash coding learning on
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Fig. 3. Schematic of distributed hash coding model

the training data-set to obtain the feature coding model; then the trained coding model is
applied to the original video key-image feature data-set to realize its compression coding
representation and data distributed storage.

As shown in Fig. 3, the video key-image feature quantification process based on
distributed hash is as follows:

(1) The distributed computing process in the Spark platform distributed stores the sum-
mary image feature data-set in the data store RDD, divided into multiple partitions
on different nodes in the cluster.

(2) Forasummary image feature data-set X of one dimension p. Data distributed stored
on m computing nodes and thus divided into m subsets X = [X1, ..., Xp].

(3) K-Means clustering for each subset. Each subset contains » cluster centers. Total
m x n distributed matrix is required for storage. The encoding matrix is represented
by the B = [Bj, B>, ..., Bs]. According to the characteristics of distributed data,
the target function of distributed product quantification is:
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(4) The trained coded model is compressed and coded for the distributed stored video
key-image depth feature data-set. First, the set of eigenvectors distributed on the
m storage nodes is divided into m parts, and then encoding the compressed K-
Means prediction for the subset of each vector using a distributed coding model,
S0 as to obtain the cluster center of each eigenvector, and then make the encoding
representation of each vector subset using its cluster center.

4 Conclusion

Deep feature extraction of video key-frame images by convolution neural network based
on partial semantic-weighted aggregation method, ensures the key information retention
of the original image through product-quantified hash coding model.
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