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Abstract

Objectives: To design and develop an efficient computing framework
for sketch-based video retrieval using fine-grained intrinsic computational
approach. Methods: The primary method of sketch-based video retrieval
adopts multi-stream multi-modality of joint embedding method for improved
P-SBVR from improved fine-grained KTH and TSF related dataset. It considers
the potential aspects of the computation of significant visual intrinsic appear-
ance details for sketch objects. The extracted appearance and motion-based
features are used to train three different CNN baselines under strong and
weak supervision. The system also implements a meta-learning model for dif-
ferent supervised settings to attain better performance of sketch-based video
retrieval along with a relational module to overcome the problem of overfit-
ting. Findings: The study derives specific sketch sequences from its formulated
dataset to compute instance-level query processing for video retrieval. Further,
it also addresses the limitations arising in the context of coarse-grained video
retrieval models and sketch-based still image retrieval. The aggregated dataset
for rich annotation assisted in the experimental simulation. The experimental
evaluation with respect to the performance metric evaluates the 3D CNN base-
lines under strong supervision and weak-supervision where CNN BL-Type-2
attains maximum video retrieval accuracy of 99.96% for triplet grading feature
under relational schema. CNN BL-Type-1 attains maximum retrieval accuracy
of 97.40% considering the triplet grading features from the improved SBVR.
The evaluation metric for the instance level retrieval process also considers
true matching of sketches with the videos, it clearly shows that the appropri-
ate appearance and motion based feature selection has enhanced the video
retrieval accuracy up to 96.90% with 99.28% accuracy in action identification
considering motion stream, 98.17% for appearance module and 98.45% for
fusion module. Another important aspect of the proposed research context is
that it addresses the problem of cross-modality while executing the simulta-
neous matching paradigm for visual appearances of the object with its move-
ment appearing on particular video scenes. The experimental outcome shows
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its comparable effectiveness relative to the existing system of CNN. Novelty:
Unlike the conventional system of sketch analysis, which is more focused on
static objects or scenes, the presented approach can efficiently compute the
important visual intrinsic appearance details of the object of interest from the
sketch and then activate the operations for video retrieval. The proposed CNN
based learning model with improved P-SBVR dataset attains better comput-
ing time for retrieval with are approximately (200, 210 and 214) milliseconds
for CNN BL-Type-1, CNN BL-Type-2, CNN BL-Type-3 and comparable with the
existing deep learning based SBVR models.

Keywords: Sketch Based Video Retrieval; Intrinsic Appearance Details; Meta
Learning; Sketch Dataset; Cross Modality Problem

1 Introduction

The idea behind searching video databases through query formulation has become very
popular among researchers. Online video content is rising with the advancement of
the Internet, social networking, and other related technological shifts. For example,
YouTube uploads 72 hours of videos every minute(!). Also, in most cases, online
application requirements specify video repositories searching paradigm for effective
content retrieval. The traditional video retrieval method of video repositories involves
matching queries to keywords for each target video clip. This standard procedure
also involves the assignment of these queries or keywords with the manual human
intervention . Although it is observed that the formation of keywords could be
appropriate for semantic descriptors of content objects (e.g., “horse,” “car, etc.),
however, when describing the appearance or motion of those objects, the idea of
keyword-based semantic descriptors fails. Other aspects that limit the scope of
searching for video content include the level of annotation at the clip level, which does
not consider the frames or even the objects located within the sequence of frames ).
If the spatial and temporal resolutions could be calculated effectively, it might help
search for accurate video content. The idea of Querying by Visual Example (QVE)
came into practice to offer a potential solution to this problem. However, these QVE
systems also require photorealistic queries, which are either images or videos that may
not be available to the user when the query got initiated. However, the query processing,
in this case, can be time-consuming as the keywords desired to describe the video
content may not be efficient for effective retrieval >®. Recently, video retrieval with
sketch analysis provided convenience for retrieving a specific target video sequence.
It must be noted that a sketch depicts thousands of context-oriented interpretations for
the viewers. Moreover, sketch analysis (SA) has recently gained significant attention,
providing an appropriate abstraction to link concepts with pixels. The SA explores the
salient details and topology to provide important information about the subject context
needed to be searched. However, the research on sketch-based technologies is currently
flourishing across various domains, including image retrieval ®), sketch generation *),
hashing (1), abstraction '), and many more. The recent studies emphasizing the aspects
of SA majorly focus on illustrating static objects or visual scenes, whereas the analysis
of the sketching of objects under motion has yet to be much studied.

Many studies have considered the aspect of human memory where in a normal
tendency, human memory can visualize episodic events with selective effects. It can be
seen that when it comes to the visual remembrance factors, subjecting the appearance
and actions of the key object can be easier, e.g., a moving car, a rising sun, etc.). These
remembrance factors corresponding to the specific event or the motion/appearance
of an object can be combined with the sketching'?. During the manual process of
sketching, free-handmade drawings can easily depict the object in motion or
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the appearance of the specific subject through human recollection. These important motivating factors of sketching based on
human recollection factors have been adopted in sketch-based video retrieval (SBVR) research.

It is also observed that early publications related to SBVR lacks effectiveness in terms of both computation factor for timely
execution and lack of computation of intrinsic appearance details from the sketch. Also, existing system datasets are not much
suitable and large enough to train the learning models effectively. On the other hand, most of the objects depicted over the
handmade sketches of a particular dataset do not provide significant appearance details, which restrict the sketch’s practicability
towards identifying the object’s particular motion/visual appearance. If this way of sketch analysis/exploitation is performed,
it weakens the sketch’s full expressiveness and lacks practical motivation for SBVR. The important findings from reviewing the
existing related literature are as follows:

1.1 Cross-Modality Problem Exploration

Very less effective studies of SBVR emphasize cross-modal matching problem.

1.2 Annotation for Instance Level Dataset

In existing studies of SBVR, very few approaches incorporate annotation for the ground truth (GT) considering the fine-grained
SBVR datasets !> which in result limits the performance aspects of appropriate video retrieval. Also, the training data scarcity
and overfitting problem are also less explored.

1.3. Instance-Level Video Retrieval

Very few studies have been found to incorporate learning approaches for instance-level video retrieval considering the
significant appearance attributes or features.

1.4 Motion Depiction in Sketch

No evidence of clear understanding of motion depiction in the illustrated sketch is found in the conventional sketch-analysis
for video retrieval.

Taking the limitations in the existing SBVR methods where only static objects or scenes are explored, the study introduces
a computationally efficient meta-learning-based SBVR framework that targets the instance-level computation for the given
dataset. The framework also targets implementing simplistic execution flow while synchronizing the matching of visual
appearance and motion of objects simultaneously. It also considers the appropriate and more precise intrinsic attribute
computation modeling. The study’s outcome shows that the proposed study understands the motion depiction in sketch and
effectively retrieves the video through its formulated large dataset at instance-level timely computation. The simulation outcome
on different parameter settings shows that the proposed SBVR approach outperforms the conventional baselines to a greater
extent.

2 Methodology

The core idea behind this proposed study is to evolve a novel framework for efficient sketch-based video retrieval, considering
the significant appearance details for instance-level computation from the sketch objects. The design of the formulated approach
addresses the limitations of the static sketch cross-modal retrieval problem. It introduces instance-level video retrieval with a
deeper understanding of the motion depicted within the sketch. The entire operation of execution takes place considering both
appearance and motion factors associated with the object of interest.

The design of the step-by-step research method is further illustrated with details of computing. The following Figure 1 shows
the preliminary steps of computing to model the framework. Figure 1 clearly shows that the research method in the preliminary
design phase considers two major steps: i. Data collection, and ii. Annotation, respectively.

2.1 Data Collection

The data collection process considers skating competition videos, where each video is of approximately 6 to 56 minutes. The
study considers 720P and 1080P files stored at 30 FPS. The videos also include audio narratives with channel indicators. The
research further extended to extract more than 500 representative HD clips of skaters in motion where the average length is 6.8
seconds with the fine-grained dataset of SBVR. The dataset is quite larger here as it consists of approximately 500 HD figure
of skating clips and more that 1400 corresponding sketches. The sketches contains both intrinsic appearance information with
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Fig 1. Stage-I Research Method for Data Collection and Annotation

fine-grained details. Here the sequence of sketches also appears to have local dynamic properties along with longer time-frame
of dynamicity factors. In the case of a sketch-based dataset, the study considers hand-drawn sketches of prime subjects related to
the clips. The fine-grain dataset of SVBR is larger enough as it consists of both videos and sketches. The videos are downloaded
from YouTube and related to US National, European and World Championships. The dataset contains of more than 40 female
figure skating video samples where each video is of 6 to 56 minutes duration. For each video 720p and 1080p files are stored
at 30 FPS. From the original long videos representative clips are also constructed where more than 500 clips are considered of
total duration of 3548 seconds. The corresponding sketch samples for the collected video samples are taken from the sketchy
repository 14). The sketch depicts the skater in a certain posture and the motion vector (MV) related to the key moment of the
routine for the center point. The sketches consider motion and static sketches without MV to fulfill the requirement of large
database systems in SBVR. The prime novelty of the dataset used in this study for sketches clearly shows that it reflects a more
detailed appearance factor of the subject with a higher degree of stroke factor, which also reduces the computing effort of models
in learning from the scarce data attributes.

2.2 Data preparation with Annotation

During the computation of data annotating factors, the study considers stroke factors and sketch to frame computation. It aims
to execute the annotation during the data preparation process and reduce the computing efforts for the meta-learning model
used in this study. The study considers stroke factor analysis for annotation, where each sketch skater and their respective
motion components are annotated for the stroke factor. In the next phase of analysis, the annotation is performed on the video
frames concerning the corresponding sketches.

2.3 Experimental Data Description

The study during the process of experimental validation process considers training, testing and validation dataset. Here the
splitting of 520 clips considers 348 video clips for training with 920 different sketches, 36 video clips with 128 sketches for
validation and also 136 video clips with 340 sketches for testing of the retrieving accuracy.

2.4 Configuration

The entire numerical implantation of the proposed system has been carried out considering PyTorch with the support of a

stonger GPU.

2.5 Experimental Performance Metric

The framework basically implements its idea with the conventional baseline (BL) models of CNN including CNN BL-1 (2,
CNN BL-2 ® and CNN BL-3 (19 The study considers instance level retrieval execution to measure the retrieval accuracy as a
performance metric.

2.6 Model Design: P-SBVR

In this stage of framework modeling the study formulates the model design for proposed SBVR (P-SBVR). The study here
considers that the dataset for learning dt consists of n number of sketches (s;) along with v; number of video objects. It can be
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mathematically represented as:

dt:{(sivvi)}i:l%n (1)

Here the sketch sequence in the set of s; consists of appearance factor (ay) and motion factor (my) components for each of the
m number of sketch pages which can also be shown as follows:

si={(as(7),ms(7)} j=1m )

Similarly in case of v; also appearance and motion factors can be formed for individual frames (iF).

vi={(av(/);m())} =15 F ()

The system design basically evaluates the learning for both deep sketch factors along with the multi-modality factors of joint
embedding domain. Here the Resemblance Factor (RF) between sketches-based query and the videos can be computed in the
form of distance (d) for retrieval of the video object.

The following Figure 2 exhibits the research method for the implementation of the convolutional neural network (CNN)
based proposed SBVR system. The CNN model is further trained with respect to the dt as computed from the above equation
(1).

Skater subject
with mv

Appearance

Positive Frame [~ Module

5> Fusion

Negative
Frame

Fig 2. Stage-II Research Method of Appearance Module for the P-SBVR

The system modeling basically formulates three tuple ranking for the appearance module. Here the streaming of objects from
the appearance module considers skater subject with MV, positive frame (pf) and negative frame (nf) input for the learning
of CNN. The triplet constructed appearance stream is further processed to the fusion block which further also integrates two
more modules of the proposed system as shown in the following Figure 3.

Skater subject RSE::«':‘!::::I

with mv

) y

iti > Motion CNN i
Positive Frame Streaming > Learning SoftMax Fusion

Negative /. ZT

Frame > Triplet Loss
Function

Fig 3. Stage-III Research Method for Motion Streaming and Relational Schema

The Figure 3 shows how the study have implemented motion streaming and relational schema considering the CNN based
learning paradigm and further integrates the outcome of the softmax and triplet loss-based learning module with the fusion
block. The system design considers optical flow (OP) of both pf and nf of frames and process the learning for OP-CNN. On
the other hand, it also considers mv sequences for the sketches to learn the CNN for feature extraction. All the triplet attributes
of positive, negative and skater mv further proceed to the relational schema where relation pairs with the combined effect of
FC layers generates the Softmax output. The formulated relational module not only deals with the data scarcity problem but
also minimizes the probability of data overfitting. The relationship module independently applied to both appearance factor
and motion factor to improve the data scarcity problem. The system also processes the mini batch of triplet embedding data
of appearance stream for training the CNN which is dt* = <aj, a,+, a,-> and further computes the loss function. The learning
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process of CNN here extracts the feature attributes from the appearance stream in the form of ®ag,. Similar operations take
place for the motion stream learning also considering another triplet factors of data dt™ = <my, m,+, m,->. The loss for triplet
construction is denoted with L, whereas the learning loss is denoted with L,. However, in the relational schema total loss of
each mini-batch is computed with the following mathematical equation (4).

Tiopss =L + KX Ly (4)

In Eq. (4) the total loss factor of the model is calculated for CNN batch processing. Here K represents the weight factor. After
executing the relational schema for triplet grading for the two streams, the system further concatenates and perform fusion
of the streams to the FC layers. The fusion approach here handles the data overfitting with grading-based fusion and feature
concatenation based fusion approach

Grading Fusion Modeling: In grading based fusion modeling the system basically generates a series of matching videos {v;}
for the specified sketch querys. Here it executes the Euclidian distance measuring. Here the grading g for appearance stream
and motion stream of video i is computed with g,(j), gx(j). The final ranking is computed with the equation (5)

Gj= Kk xga(j)+ (1 —K) X gu(Jj) (5)

The Euclidian distance-based grading mechanism here executed for each database video clips considers weighted averaging for
appearance and motion vector streams (mv). Finally, the fusion of the feature attributes from two different streams take place.

2.7 Supervised Learning Modeling

The study further evaluates a strong process of supervised learning algorithm with multi-instance learning. Here the model
is learned with more detailed annotated correspondence features of cross modal. During the learning of this model has a
mapping procedure which maps a particular sketch subject in motion with different corresponding scenes of the videos. And
these way the detailed correspondence factors are annotated. Here the model is trained with strong supervision considering the
relationship factors between the pages of sketch query subject with the corresponding different frame instances of related video
clips which is considered to be positive video candidates within the frames otherwise frames which are outside the video clips
can be stated as negative.

2.8 Model Deployment

The study further performs the trained model deployment and the testing aims to match the specific videos for the sketch query
generated. In order to match the sketch query with the respective video scenes, the network of the model is already trained with
the grading of sketch features and the video frames. The CNN output modeling is further subject to perform the retrieval
of the video sequence. The system also performs deep feature extraction procedure for sketches and videos considering both
appearance and motions features. The procedure of the video retrieval includes computing of the lowest sum corresponding to
the nearest neighbor correlation cost factors for each sketch. It is represented as follows:

Dist(s,v) = 1 X i min (d (s, vi)) ®)
j=lk=l—=h

The algorithm of the proposed P-SBVR is shown as follows:
Algorithm-1: P-SBVR Learning Algorithm
Inputeds = {(si,vi) };—1
Data collection/ Preparation
Compute Appearance and Motion Factors using (2 and (3)
Formulate Appearance Module
Execute Motion Streaming and Relational Schema
dt? = <ag, ay+, a,->
dt™ = <my, m,+, m,->
Compute OaFe , ®mFe
T}pss using (4)
Execute Grading Mechanism on Feature Ranking
Gj=xkx%ga(j)+ (1 —K) X gn(J)
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Supervised Learning with intrinsic more detailed appearance and motion features

Model Deployment

Dist(s,v) = % X Y g min(d (s, ve))

Output: video retrieval

Performance Metric: Retrieval Accuracy (R,), Computing Time (t).

The equation (6) shows how the model perform matching operation between the sketch and the video attributes and compute
the minimum sum of matching cost to retrieve the video. The next section further shows the numerical outcome while executing
this algorithm on a computing environment.

3 Results and Discussion

The experimental analysis outcome from the Figure 4 shows that the incorporation of relational schema (RS) has significantly
improved the learning performance of the CNN models and which eventually the outcome of the video retrieval accuracy
clearly depicts. It clearly shows the CNN BL Type-1 when trained with the prepared dataset of the proposed model achieves
98.40% retrieval accuracy under strong supervision whereas CNN-BL type-2 and type-3 achieves 99.96% and 95% accuracy
respectively.

_. 101.00% 99.96%

g
g

99.00% 98.40%

98.00% 97.4 96.9

97.00% B Accuracy for Triplet
96.00% 95% Grading Feature
95.00% 94
94.00%

93.00%

92.00%

91.00%

M Accuracy for Triplet
Grading Feature with
RS

Video Retrieval Accuracy (%

CNN BL- CNNBL- CNN BL-
Type-1  Type-2  Type-3
3D CNN Baselines in P-SBVR

Fig 4. Video Retrieval Accuracy under Strong Supervised Learning

The study also shows that under weak-supervision learning when applied with the RS and triplet grading aspects the CNN-
BL models accomplishes considerable outcome for video retrieval accuracy. The prime reason behind high accuracy of the
video retrieval is that the matching schema considering the intrinsic appearance and motion analysis for both sketches and the
videos. The study also further validates the performance of the models for three different types of core modules associated with
the P-SBVR. It also shows how the proposed feature extraction through intrinsic appearance and motion details has improved
the learning accuracy for the action identification.

98.00%
T 96.96%
£ 97.00% 96%
>
8 96.00%  95.40%
5
g 95.00%
<_t° 94 W Accuracy for Triplet
T 94.00% 93.4 92.9 Grading Feature
H .
£ 93.00%
v
't 92.00% W Accuracy for Triplet
TE 91.00% Grading Feature with
RS
90.00%
CNNBL- CNNBL- CNNBL-
Type-1 Type-2 Type-3
3D CNN Baselines in P-SBVR

Fig 5. Video Retrieval Accuracy under Weak-Supervised Learning

The Following Figure 6 clearly shows that the motion stream analysis modules helps in reaching 99.28% accuracy for CNN
BL-Type-3 whereas in the case of CNN BL-Type-1 and CNN BL-Type-2 the model accomplishes 97.5% and 98.58% accuracy
of action identification from the videos.
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Fig 6. Accuracy (%) in Action Identification

The study further also incorporates analyzing the computing time of retrieval for different CNN baselines models when
trained with the prepared dataset. It clearly shows that all the module approximately achieves 200 milliseconds of retrieval
time.

220

215

214
210
210
205
200 200 B Computing Time of
Retreival (milliseconds)
195
190

CNN BL- CNN BL- CNN BL-
Type-1 Type-2 Type-3
3D CNN Baselines

Computing Time of Retrieval

Fig 7. Computing Time for 3D CNN Baselines Models

The closer interpretation of the Figure 7 shows that CNN BL-Type-1 achieves 200 milliseconds of computing time associated
with retrieval whereas CNN BL-Type-2 and type-3 achieves 210 milliseconds and 214 milliseconds respectively. The study
has considered the related models of CNN, which had been highly referred for the SBVR in the recent time for comparison.
It has been highlighted in the literature that CNN-based SBVR has gained much more popularity owing to its potential to
learn from the features under strong supervision. As the problem of fine-grained intrinsic feature computation in SBVR is a
new problem, existing methods cannot be compared directly. To maintain a fair comparison, the proposed system considers
related popular video analysis models and applies the proposed approach of fine-grained intrinsic computation-based SBVR
on 3D convolutional networks. The study claims that the proposed model has significantly improved the performance of 3D
ResNet18 (1) compared to CNN baseline-1 12 and CNN baseline-2 (19). It is observed that the proposed approach of the SBVR
model works efficiently with CNN baseline-2 regarding video retrieval accuracy. The prime reason is that it considers strong
supervision with ranking or feature computation which has also considered complementary appearance and motion patterns
of information for SBVR. Overall, it accomplishes performance of 97.6% accuracy in action identification. However, when it
comes to computing time of retrieval there, the CNN BL-Type-1 has attained better performance.

4 Conclusion

This study introduces a novel SBVR system considering meta-learning inspired algorithm designs. The proposed framework
when applied with the CNN different types of baselines improves the accuracy of retrieval considering a combination of
both triplet formation of ranking and relational schema. The experimental validation has been conducted comparing the
performance of three CNN baseline approaches towards finding the accuracy of SBVR. In the case of strong supervised
learning both CNN BL-Type-1 and CNN BL-Type-2 yields considerable accuracy as compared to CNN BL-Type-3 which are
approximately 98.40%, 99.96% but for very limited sketch sequence queries. On the other hand, for weak supervised learning
CNN BL-Type-2 and CNN BL-Type-3 attains accuracy of 96.96% which are comparable to the existing system of SBVR. The
CNN BL-Type-2 99.28% accuracy for motion stream module which is superior to the other baseline methods. The experimental
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outcome clearly shows that although the proposed approach of SBVR with CNN BL-type-2 attains 99.96% of retrieval accuracy
but the overall performance of retrieval accuracy for CNN BL-type-2 is found to be 97.6% on an average. The outcome also shows
that the system achieves significant performance improvement in the computing time of video retrieval which is approximately
200 milliseconds and comparable with the baseline approaches. The future research work aims to evaluate the model with
different parameter settings and observe the performance.
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