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Abstract: Deep learning models have paved the way for unsupervised optimization in a
wide variety of computer vision applications. Performance of these deep learning models
largely depends upon their internal layer design, type of dataset used, and activated
augmentation levels. In order to improve this performance for content-based video retrieval
(CBVR) applications, researchers have proposed various convolution neural network
(CNN) based deep learning models. These models are trained for application specific
datasets, and have limited scalability when applied to untrained query video sequences. In
such cases, their performance in terms of precision, recall & receiver operating
characteristics (ROC) is also limited. To improve this performance, a novel ensemble deep
learning model which utilizes VGGNet-16, Dense Net 121, Inception Res Net V2, Mobile
V Net, Res Net 101, and Exception Net models is proposed in this paper. The model
supports incremental feedback-based learning which is designed using a correlation feature
engine. This engine utilizes a novel augmented correlation metric, which combines 18
different distance measures for continuous training set updates. Due to which, the model’s
performance is incrementally improved after every iterative batch evaluation. The proposed
model was tested on UCF101, Open Video, FIVR, Media Graph, IVP, Columbia University
Video, and HMDB human video datasets. It was observed that the model is capable of
achieving 96.3% precision, 95.8% recall, 98.6% accuracy, and high AUC performance on
these datasets. Initial training delay for the model is very large due to use of multiple
learning models, which was reduced via use of a novel bio inspired classifier selection
model. This model was able to reduce over 34% redundancies, which were introduced
during neural network training & classification steps. Due to this redundancy minimization,
the training delay was reduced, and was observed to be at par with existing deep learning
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models. Moreover, due to use of incremental learning, the proposed model was observed to
be highly scalable, and useful for a wide variety of video retrieval applications.
Keywords:Video, retrieval, ensemble, augmentation, deep learning, convolution, variance,
distance metric, incremental learning, accuracy

1. Introduction
Modelling of content-based video retrieval (CBVR) applications is a multidomain task,
which involves dataset collection, pre-processing, segmentation, feature extraction
&selection, clustering, matching, and post-processing. A typical CBVR model is depicted
in figure 1, wherein these processes and their typical data flows are visualized. It is
observed that input videos are given to a segmentation model, wherein different objectbased components and their classification is performed. This classification assists in
improving retrieval efficiency via object-to-object mapping& rank evaluation. The
detected objects are converted into feature vectors via various feature extraction models,
which includes open CNNs, wavelet decomposition, Fourier transforms, etc. These
features can be represented using equation 1, and assist in comparing video sequences
with reduced complexity via intra-class feature difference minimization [1].

Figure 1. A typical CBVR model

Where,
represents feature vectors extracted for feature of component in the
image, represents weight of the component, represents weight of the extracted
vector,
represents number of extracted components & objects, while
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represents number of vectors extracted for each component. Extracted features are
stored in a video database along with an annotated tag, which assists in video
identification during retrieval. Query videos are compared with stored videos via
object-level feature comparison using deep learning models like CNNs, recurrent
neural networks (RNNs), long-short-term-memory (LSTMs), etc. These results are
presented to the user, and can also be used for continuous model improvement via
feedback learning [2,3]. A wide variety of system models are proposed to perform
this task, and each of them have their own nuances, advantages, limitations, and
future research scopes. A brief review of these models, and their characteristics is
discussed in the next section, which will allow readers to identify different state-ofthe-art approaches proposed for CBVR applications. This is followed by section 3,
wherein design of the proposed CVRAD2 model, using ensemble deep learning
along with augmented distance metrics for improved incremental learning
performance is described. This performance is evaluated in section 4, and compared
with various state-of-the-art approaches. Finally, this text concludes with some
interesting observations about the proposed model, and recommends various fusion
& machine learning methods to further improve its performance for different CBVR
applications.

2. Literature Review
A wide variety of CBVR models are proposed by researchers over the years. These
models vary in terms of computational complexity, accuracy, precision, and other
qualitative & quantitative parameters. For instance, the work in [4, 5, 6] proposes
deep convolutional neural networks (DCNN) with radial basis loss function (RBF)
for low delay CBVR, deep heterogeneous features for facial video retrieval, and
ternary hashing-based retrieval model for panoramic video retrieval. These models
utilize Deep Neural Network-based designs in order to optimize feature extraction &
classification capabilities of CBVR. Performance of these models is further
improved via the work in [7], wherein joint video caching with ultra-dense
heterogeneous neural networks (JVC UD HNN). The model uses a cascade of NNs
to improve feature extraction & selection capabilities, which further assist in
improving overall accuracy & precision performance. A similar model is proposed
in [8], wherein attention Networks with video hashing (ANVH) are deployed for
high-accuracy & moderate delay CBVR. The model uses attention-based networks
along with long-short-term Memory Model to improve pattern recognition
efficiency, thereby achieving good CBVR performance.
Unsupervised models require lowest deployment complexity, but have moderate
CBVR performance. For instance, the work in [9, 10, 11] propose use of deep video
hashing with balanced coding, 3D convolutional feature selection with Principal
Component Analysis (PCA), and multiple view structure-based action retrieval via
deep learning models. These models are highly context-sensitive, and can be applied
only to a small-set of applications that support their processing interfaces. Due to
which their scalability is limited, but can be improved using the work in [12, 13, 14],
wherein researchers have proposed use of different deep learning models like Qlearning, embedded bag-of-features based CNNs, and neighbourhood hash
preserving methods are described. These methods utilize recurrent neural networks
(RNNs), and similar methods to reduce feature redundancy, and improve accuracy
of retrieval. These models have moderate accuracy, but have good recall & precision
performance, along with high scalability. To improve their accuracy, application
specific models like quadruplet network for face retrieval [15], Motion set network
for human Motion retrieval [16], perceptual networks for context-based CBVR [17],
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and context-aware online video retrieval [18] are developed. These models allow
researchers to deploy high accuracy, application-based CBVR systems, that can be
used for real-time scenarios. Similar models are proposed in [19, 20, 21], wherein
emotion-based CBVR using reinforcement learning with deep-bidirectional
recurrent neural networks (DB RNN RL), multiple streams & multiple modalitybased sketch retrieval model, and its extension to incident-based CBVR applications
is discussed. These models further assist in identification of various CBVR
applications, along with their nuances, advantages, characteristics, and future
research scopes when evaluated on different datasets. A study & application of
CBVR on such datasets can be observed from [22, 23, 24, 25], wherein distributed
CBVR for large-scale videos, high-speed discrete cosine transform-based CBVR for
high-density datasets, multimodal video retrieval using low-complexity k means &
fuzzy C means for big-datasets, and block truncation coding with edge quantization
for high-efficiency CBVR are proposed by researchers. These models are capable of
showcasing lower delay, with better throughput, and moderate accuracy CBVR,
which makes them suitable for a wide variety of application deployments. Thus,
from this discussion it can be observed that a very few CBVR models are suited for
large-scale, application-independent scenarios. Motivated by this observation, the
next section proposes design of a CBVR model that uses augmented distance
metrics & ensemble deep learning for low-delay, and high-accuracy performance.
This performance is evaluated in terms of accuracy, precision, recall, &AUC
measures, and compared with various state-of-the-art approaches.

3. Proposed content-based video retrieval using augmented distance
metrics with ensemble deep learning
From the literature survey it is observed that a wide variety of deep learning models
are proposed for high efficiency content-based video retrieval. These models
showcase limited accuracy & precision when applied to larger-datasets, which limits
their scalability. To improve scalability, continuous learning & train-set trimming
layers must be deployed, which would assist in generating optimized training &
validation corpuses for different CBVR applications. This section describes design
of such a model, which incorporates intensive deep learning (IDL) with augmented
distance metrics & uses incremental feedback learning (IFL) for continuous
performance enhancement. Overall flow of the proposed model is observed from
figure 2, wherein different deep learning layers along with incremental learning &
correlation layers are visualized.
The proposed model initially divides entire database into training & validation sets,
which is controlled via use of a retraining engine. This engine initially extracts
foregrounds from all input frames via Saliency detection, and evaluates their feature
sets. These feature sets are clustered via simple k Means model, which assists in set
formation. The formed sets are given to a bioinspired model, wherein 6 different
deep learning classifiers are used. These classifiers are selected on the basis of their
classification capabilities to categorize small, medium and large sequence video
features. Results of these classifiers are aggregated and given to a feedback learning
layer, which assists in learning rate optimization for the bioinspired model. The
retrieved videos from this layer are used for incremental learning, which assists in
retrimming input dataset for redundancy reduction & variance maximization,
thereby further improving overall efficiency of retrieval. Design of these layers is
described in different sections of this text, which will assist readers to implement
them in part(s) or as a whole for their own CBVR system designs.
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Design of retraining engine
Initially the entire dataset is divided into training & validation sets using a retraining
engine. Here, input dataset is given to a Saliency detection model, which assists in
high-speed & high-efficiency background separation &foreground extraction from
input frames. The input RGB image, is converted into normalized colour vectors via
equation 2, 3, and 4 as follows,

Figure 2. Flow of the proposed CVRAD2 Model for continuous performance
improvement

Based, on these values, an intensity component is evaluated via equation 5 as follows,

Using these values, relative red & blue components are evaluated via equation 6,

These values are used to evaluate quaternions, which assists in energy estimation for input
pixels. Quaternions are micro representations of original image pixels, which assist in
depicting pixel-to-pixel dependency, thus identifying maximal entropy regions in the input
image via equations 7, 8, 9, and 10 as follows,
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Where,
represents
quaternion representation of the input image. These
representations are given for mean spectrum quality factor (MSQF) evaluation, wherein
shifted FFT is used for spectral analysis. The MSQF is evaluated via equation 11 as
follows,

Where,
represents Fourier and inverse Fourier transform values for input
signal. These MSQF values for all quaternions are combined to form entropy values via
equation 12,

Where,

represents variance of MSQF data, and is evaluated via equation 13,

Where, represents number of elements in input data. Average threshold entropy of all
pixels is evaluated via equation 14, and pixels with lower entropy than average threshold
are discarded, while others are accepted at the output as foreground pixels.

Where,
represents number of rows, number of columns, & number of
dimensions for input image, while
represents entropy learning factor, and entropy
threshold respectively. Based on this entropy evaluation, the final segmented frame is
obtained, which can be observed from figure 3, wherein background regions are removed
while foreground regions are retained for better feature extraction.

Figure 3. Results of Saliency detection
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Each video frame is passed through these Saliency detection steps, and a segmented image
is obtained. These segmented images are given to a feature extraction unit, wherein
colour, & shape features are extracted. These features are evaluated only for selection of
training & validation sets, which assists in improving efficiency during design of
classification engine. The colour map is extracted via equation 15 as follows,

Where, represents input image, and is also used during edge map extraction via equation
16,

Both these maps are combined to form a super-feature vector (SFV) for each video frame.
These vectors are given to a ‘N’ dimensional k Means model for high-speed clustering
into ‘k’ different clusters. Here, ‘N’ represents number of features in the SF vector, while
‘k’ represents total number of categories which are present in the dataset. Main aim of this
clustering process is to segregate input feature vectors into multiple non-overlapping
groups, and then dividing these groups into training & validation sets for better featurelevel computations. The k Means model is controlled via minimization of a distance-based
objective function, which is evaluated via equation 17 as follows,

Once the algorithm converges, SFVs are clustered into ‘k’ different clusters, and each of
the clusters represents different types of video frames. These clusters are divided into a
ratio of 70:30, wherein 70% of frames from each cluster are used for training, while
remaining 30% are used for validation & retraining the system model. The training &
validation sets are given to a bioinspired model for CNN selection, which is discussed in
the next section of this text.
Design of bioinspired model for selection of CNN method
Once the training & validation sets are defined, they are given to a bioinspired model for
selection of best performing CNN method. This model uses a modified form of Genetic
Algorithm (GA) in order to perform the selection process. The GA is designed using the
following process,

o
o
o
o


Initialize GA parameters,
Number of iterations ( )
Number of solutions ( )
Learning rate ( )
Maximum number of learning models available (
)
Each network is trained using the given training & validation feature sets, and their
precision (P), recall (R), accuracy (A), and delay (D) values are evaluated.
 Initially mark all solutions are ‘to be changed’
 For each iteration in 1 to
o For each solution in 1 to
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If the solution is marked as ‘not to be changed’, then skip it, and go to the next solution
Else, generate a stochastic solution using the following process,
Generate a random value for number of classifiers used via equation 18,



Select
unique random classifiers from pre-trained VGGNet-16, Dense Net 121,
Inception Res Net V2, Mobile V Net, Res Net 101, and Xception Net models, and
evaluate solution fitness via equation 19,



Similarly, find fitness for each solution, and then evaluate fitness threshold via equation
20 as follows,

o Mark all solutions with fitness lower than
as ‘to be modified’, while pass others to the
next iteration
 At the end of final iteration, select the solution with maximum value of fitness, and use the
selected classifiers for video retrieval
Each CNN model uses a certain combination of convolutional layers, max pooling layers,
and fully connected neural network layers. A typical CNN model architecture can be
observed from figure 4, wherein interconnection of these layers is visualized. Feature are
extracted using convolutional layers, the outputs of which are controlled via equation 21,
wherein a Rectilinear Unit (ReLU) is used for feature activation &analysis.

Where,
represents input image, rows, columns, current window row, and
current window column for the given layer. The number of features generated during each
convolution are evaluated via equation 22 as follows,

Where,
represents number of input features from previous layer,
number of output features generated by this layer, convolution padding size, convolution
stride size, and kernel size used during convolutions. Extracted features are reduced via
Max Pooling operation, wherein variance of feature vectors is evaluated, and based on this
variance, similar features are removed from the layers. A threshold is estimated using
equation 23, which assists in finding range of features which would be removed. Here
average threshold is combined with learning factor to obtain the final threshold level.
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Where,
is size of the image, while is a probability factor, which is tuned in order to
modify this threshold value. All feature values more than
are passed to the next layer,
while other values are discarded. This process is repeated multiple times in order to obtain
high-level features. These features are given to a fully connected neural network (FCNN)
that can classify extracted features into 1 of ‘N’ classes. The designed network uses a
SoftMax activation function in order to perform back propagation-based training, which is
controlled via equation 24 as follows,

Where,
are values of input feature vector, value of weight, value of bias, and
number of features extracted by the convolution layer respectively. All selected classifiers are
evaluated based on these operations, and CBVR results are generated.
Based on the retrieval performance of selected classifiers, a feedback learning layer is
activated. This layer iteratively improves performance of GA for parameter selection. Design
of this layer is discussed in next section of this text.

Figure 4. A typical CNN model for CBVR
Design of feedback learning layer
After selection of the best classifier combination for given training & validation datasets, a
feedback learning layer is activated. This layer reiterates through all solutions of GA, and
identifies optimum value of
to achieve higher CBVR performance. The value of
is
evaluated via equation 25 as follows,
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Where,
represents new learning rate, and old learning rate, which was
obtained during previous learning iteration for the model, while,
represents
maximum fitness values obtained during new and old evaluation iterations. Based on these
values, the learning rate is continuously modified, and outputs of GA are continuously
optimized. These results are given to an incremental learning layer, which assists in re-tuning
the dataset in order to obtain better classification performance.
Design of incremental learning layer
Once the GA model is trained, an incremental learning layer is activated. This layer evaluates
each retrieved result, and compares it with the query frames using 18 different distance
metrics. The reason for selecting multiple metrics for distance evaluation is to get a fine
estimate of feature matching between query & retrieved frames. These metrics are evaluated
using SFV extracted in section 3.1, and combined via equation 26 as follows,

Where,
represents the novel metric value between
retrieved frame, and
query
frame’s SFV features,
indicates Canberra feature Metric,
indicates Bray Curtis
feature Metric,
indicates Chebyshev feature Metric,
indicates Correlation feature
Metric,
indicates City block feature Metric,
indicates Cosine distance feature
Metric, indicates Minkowski feature Metric,
indicates Euclidean distance feature
Metric,
represents dice coefficient feature Metric,
indicates Jaccard Distance feature
Metric,
indicates Hamming feature Metric,
indicates Kulsinski feature
Metric, indicates Russel Rao feature Metric,
indicates Rogerstani Moto feature
Metric, indicates Sokal Michener feature Metric,
indicates Yule distance Metric, and
indicates Sokal Sneath feature Metricvalues. Based on these metrics, a metric threshold is
evaluated via equation 27,

Where,
represents number of query images, and number of retrieved images,
while, represents a tuning factor, which is modified as per temporal performance during
CBVR, via equation 28,

Where,
represents current accuracy, precision, and recall values of CBVR
obtained via selected classifier configuration from section 3.2. Frames with
are
discarded, while others are added back to the validation database for continuous performance
improvement.The proposed model was evaluated on a wide variety of datasets, and its
performance was compared with various reviewed models. This performance can be observed
from the next section of this text.
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4. Result analysis and comparison
The proposed CVRAD2 model is highly scalable, and can be applied to a wide variety of
CBVR datasets. This is because of its incremental learning & feedback learning
characteristics. The model was evaluated on the following datasets, and parametric
evaluation of precision, recall, accuracy, area under the curve (AUC), and processing
delay was compared with DCNN [4], ANVH [8], and DB RNN RL [19],
 UCF101 can be downloaded from, https://www.crcv.ucf.edu/data/UCF101.php
 Open
Video
dataset
from
IBM,
available
at
https://research.ibm.com/haifa/projects/imt/video/Video_DataSet.shtml
 FIVR 200K dataset, can be downloaded from, https://github.com/MKLab-ITI/FIVR-200K
 Media Graph database, can be downloaded from https://media.xiph.org/video/
 IVP database, available at, http://ivp.ee.cuhk.edu.hk/research/database/subjective/)
 Columbia
University
Video
dataset,
can
be
downloaded
from
https://www.ee.columbia.edu/ln/dvmm/columbia374/
 HMDB human video dataset, can be downloaded from https://serre-lab.clps.brown.edu/resource/hmdba-large-human-motion-database/

All these sets were combined in order to form a cumulative dataset of 800k video samples,
and was converted into 15 fps via video compression. From each video sample, 4 seconds
of footage was extracted, to create a dataset of 4.8 million image samples. These samples
were used in a ratio of 70:20:10, where 70% of these samples were used for training, 20%
for testing, and remaining 10% for validations. Based on this configuration, results of
accuracy were evaluated via equation 28 as follows,

Where,
samples

represents number of correctly retrieved& total number of retrieved

Due to use of IFL and IDL the proposed model is capable of improving the accuracy by
10% when compared with DCNN [4], 7.6% when compared with ANVH [8], and 7.4%
when compared with DB RNN RL [19], thus making the model applicable for a wide
variety of high-accuracy CBVR applications. Similarly, results of precision were
evaluated via equation 29 as follows,

Where,
represents true positive and false positive rates, here, true positive indicates
number of correctly retrieved samples that belong to the same category, while false
positive indicates total number of incorrectly retrieved samples. This precision was
tabulated w.r.t. number of testing & validation samples (NS) in table 2 as follows,
NS

P (%)

P (%)

P
(%)

DCNN
[4]

ANVH
[8]

10k

81.29

81.49

84.97

89.76

20k

81.52

81.90

85.34

90.13

DB
RNN
RL
[19]

P (%)
CV
RAD2

Table 2. Precision of CBVR different models
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Due to use of IFL, IDL along with bioinspired model for CNN selection, the proposed
method is capable of improving the precision by 10.5% when compared with DCNN [4],
7.2% when compared with ANVH [8], and 5.8% when compared with DB RNN RL [19], thus
making the model applicable for a wide variety of high-precision CBVR applications.
Similarly, results of recall were evaluated via equation 30 as follows,

Where,
represents true positive and false negative rates, here, true positive
indicates number of correctly retrieved samples that belong to the same category, while false
negative indicates total number of incorrectly retrieved samples with belong to incorrect
classes. This recall was tabulated with respect to number of testing & validation samples (NS)
in table 3 as follows,
NS

R (%)

R (%)

R
(%)

DCNN
[4]

ANVH
[8]

10k

82.35

79.70

82.53

89.35

20k

82.60

80.25

82.75

89.72

30k

82.89

81.09

83.00

90.22

40k

83.20

82.11

83.31

90.82

DB
RNN
RL
[19]

R (%)
CV
RAD2

Table 3. Recall of CBVR different models
Due to use of IFL, IDL along with bioinspired model for CNN selection, the
proposed method is capable of improving the recall by 8.5% when compared with DCNN [4],
6.8% when compared with ANVH [8], and 9.6% when compared with DB RNN RL [19], thus
making the model applicable for a wide variety of high-recall CBVR applications. Similarly,
results of AUC were tabulated w.r.t. number of testing & validation samples (NS) in table 4 as
follows,
NS

AUC
(%)

AUC
(%)

AUC
(%)

AUC
(%)

DCNN
[4]

ANVH
[8]

DB
RNN
RL
[19]

CV
RAD2

10k

83.08

81.12

86.01

90.90

20k

83.34

81.73

86.24

91.30

30k

83.63

82.61

86.51

91.82

40k

83.98

83.66

86.83

92.45

Table 4. AUC of CBVR different models
Due to use of IFL, IDL along with bioinspired model for CNN selection, the proposed
method is capable of improving the AUC by 9.5% when compared with DCNN [4], 6.8%
when compared with ANVH [8], and 8.6% when compared with DB RNN RL [19], thus
making the model applicable for a wide variety of high AUC-based CBVR applications. Due
to use of bioinspired model that utilizes delay as fitness function, the proposed CVRAD2
model is capable of reducing computational delay by 10% when compared with DCNN [4],
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8% when compared with ANVH [8], and 9.5% when compared with DB RNN RL [19],
thereby making it useful for a wide variety of high-speed CBVR applications. These
improvements are possible due to design of the bioinspired model, along with IFL and IDL
methods, which assists in accuracy-aware implementation of CBVR systems.

5. Conclusion and future scope
The proposed model uses a combination of effective dataset clustering, with ensemble deep
neural network classifiers & augmented distance metrics to improve efficiency of CBVR for
multiple datasets. This model also uses a combination of IFL & IDL in order to incrementally
improve its performance w.r.t. number of evaluated video samples. Due to this combination,
the proposed CVRAD2 model is capable of achieving 96.3% precision, 95.8% recall, 98.6%
accuracy, and 97.08% AUC for different datasets. This performance is incrementally
improved with respect to number of tested image samples, which assists in deploying the
model for large-scale CBVR applications. The model is also capable of retrieving images with
a delay of less than 13 ms per sample, which makes it useful for high-speed CBVR scenarios,
thereby further expanding its scalability. This performance was compared with different stateof-the-art models, and it can observed from figure 5,that the proposed model is capable of
improving the accuracy by 10% when compared with DCNN [4], 7.6% when compared with
ANVH [8], and 7.4% when compared with DB RNN RL [19], while, the proposed method is
capable of improving the AUC by 9.5% when compared with DCNN [4], 6.8% when
compared with ANVH [8], and 8.6% when compared with DB RNN RL [19], thus suggesting
its use in high AUC-based CBVR application scenarios.
Furthermore, the proposed model is capable of reducing computational delay by 10% when
compared with DCNN [4], 8% when compared with ANVH [8], and 9.5% when compared
with DB RNN RL [19], thereby making it useful for a wide variety of high-speed CBVR
applications. Similar observations were made for precision, and recall, which makes the
model highly useful for deploying efficient CBVR applications. In future, researchers can
extend performance of this model using Q-learning, reinforcement learning, and recurrent
Neural Network-based classifier implementations, which can be added with GA to facilitate
better retrieval rates during testing & validation phases. Furthermore, the proposed model’s
delay performance can be further improved via use of feature selection & reduction
techniques, which would further assist in incremental accuracy improvement for contextsensitive CBVR scenarios.
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Figure 5. Performance comparison of different models
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