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Abstract

The identification of suspicious activity is greatly influenced by the efficient learning
and classification of video data. Learning large videos requires more processing time than
conventional deep learning methods, because deep features have relatively large dimensions.
In the present investigation, a spectral-based deep learning method for producing reduced
or lower dimensional representations of surveillance videos is developed. There are two
essential steps in the proposed method. In order to identify suspicious activity, the first
method involves transforming the deep characteristics of video data into lower-manifold
spectral space using classification techniques. The lower-rank representation of the video
data is found by computing a Laplacian matrix. To show the effectiveness of the suggested
strategy in comparison to current methods, experiments are conducted on benchmarked
video surveillance datasets.

Subject Classification: 68P30, 68Q30.

Keywords: Video classification, Deep learning, Spectral concept, Data sparsity, Curse of
dimensionality.

1. Introduction

Detecting suspicious activity for real-time video surveillance is
becoming more popular in recent years for applications related to societal
security [1]. Identifying objects and learning their behaviors are the most
difficult problems in the classification of suspicious films. One of the most
effective approaches for video classification jobs is deep learning [2].
Video frames can have their features extracted batch-wise using current
deep learning techniques like VGG16 [3], ResNet50 [4], DenseNet121 [5],
MobileNet [6], GoogleNet [7], and EfficientNetBO0 [8]. The video data can
then be learned in accordance with these features. Many movies that can
be used to increase the classification rate or detection efficiency of
suspicious behaviors in video surveillance require practical training. After
the deep characteristics are extracted, classifier models are trained to
classify suspicious activities. The deep features extracted from each video
frame are enormous; each movie is arranged with vast frames, and each
frame’s feature size is enormous as well. Processing the deep characteristics
to identify suspicious activity in these situations could lead to real-world
scalability problems with regard to the important calculation time metrics.
According to others, the main issue with current deep-based classifier
models is the curse of dimensionality [8]. Within the current deep-based
classifier models, fantastic classifier models have been employed, such as
random forest (RF) [9], support vector classifier (SVC) [10], and k-nearest
neighbor classifier (kNN) [11].
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Initially, the affinity matrix of frame features was created, and then
the Laplacian matrix was calculated. The suggested spectral-based deep
classifier method (SDCT) consists of the Laplacian matrix (LM) calculations.
The number of components (‘k’) of the subspace of deep features is
determined by the features of the lower-rank frame, while the LM
investigates the frame’s deep features in terms of a large number of
Eigenvectors. The first k-largest Eigenvectors are taken to derive the deep
features subspace. The subspace of obtained k-Eigen vectors is called
spectral space or low-dimensional manifold. The reduced representation
of video frames’ deep features is indicated by the spectral space. This
spectral space preserves the video frame information while mapping the
huge size of deep features of frames onto the lower manifold subspace.
Instead of using high-dimensional frame features, the top k-Eigen vectors
are sufficient to define deep features of the frame data. Lastly, videos are
classified using the RF, SVC, and kNN classifier models based on the
spectral properties of frames. Three hybrid SDC-VM variations are created
using these suggested methods, utilizing the RF, SVC, and KNN models.
To overcome the issue of the curse of dimensionality, suggested hybrid
variations employ spectral features rather than the deep features of the
high-dimensional frame.

The structure of the paper is as follows. Section 2 delineates the
literature review of the topic; Section 3 outlines the suggested SDC-VM
and visual mining methodologies. Section 4 presents the experimental
examination and discussion of the work. Section 5 presents the conclusion
and future scope of the effort.

2. Literature Study

Video surveillance has emerged as a crucial application for public
safety. The foremost scientific challenge in surveillance is the identification
and categorization of anomalous behaviors. In this procedure, the primary
concerns in contemporary video analytics research are classification
accuracy and computing scalability. Authors in [12], [13], [14], [15], and
[16] endeavored to identify or categorize loitering, fighting, and abandoned
things by analyzing suspicious behaviors. The majority of these studies
utilize offline video surveillance data; in real-time scenarios, post-detection
ofirregularities or anomalies in videos may prove ineffective. Consequently,
the author in [17] devised a real-time blob-matching technique by
identifying the temporal characteristics of blobs and activities. It is capable
of detecting and categorizing altercations, theft, loitering, fainting, and
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similar incidents. Lu and Grauman [18] developed an algorithm for video
summary synthesis that extracts specific sub-videos from lengthy
recordings based on picture quality parameters to depict the events
occurring within the video.

Another approach relies on the key frame sequence, utilizing the
event detection mechanism established in [19]. It utilizes frames instead of
capturing the video directly. It demonstrates a substantial decrease in
video content and enhanced effectiveness in video retrieval. Identifying
precise instances within lengthy videos is mostly addressed by the
aforementioned methods. Shaohua Wan et al. [20] devised the superframe
segmentation algorithm, which eliminates unnecessary frames in a video
sequence to mitigate computational burdens during video anomaly
classification. The findings and methodology are outlined below, along
with the limitations of the study.

Several researchers [21], [22] employed unsupervised methodologies
for anomaly identification. It necessitates meticulous classification and
management strategies [25], [26] for anomalies. In contrast to unsupervised
methods, deep learning-based categorization demonstrates remarkable
capabilities in identifying anomalies. Sultani et al. [24] created the 3D
convolutional network (C3D), which captures spatiotemporal features and
evaluates anomaly scores using a three-layer fully connected network.
This results in a significant issue: the scalability of video segmentation
prior to feature extraction, owing to the substantial size of the video
frames. Yumna Zahid [25] addresses the video segmentation challenge
with the ensemble method of IBaggedFCNet, wherein bagging enforces
rigorous segmentation and employs the Inception-v3 deep classifier for
video classification.

3. Proposed SDCT

The proposed approach employs spectral techniques to mitigate the
impact of data sparsity during video categorization. The spectral approach
comprises two fundamental steps: i) Determine the affinity matrix, which
calculates the weighted matrix for frame features while accounting for
affinities. The Laplacian matrix is calculated to provide the Eigen
decomposition that reveals appropriate low-dimensional manifolds (or
subspaces). Equations (1) through (7) demonstrate the derivation of
Eigenvectors, commonly referred to as spectral space, in the proposed
study.
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Frames and it can be computed with affinity values of F, F, (i.e. Sigma,
and Sigma,)

Deep,. ={F,F,,...,F } 1)
Sigma, = d(F,,F,) ()

d, =d(F,F)and d, = d(F,, F) 3)
We ann , W= e((*d,/*dl, )/(Sigma; *Sigma, )) (4)
dz‘i = Z?:lwij (5)
L=D"*WD™? (6)

The values acquired in L are normalized and optimal for subsequent
classification or clustering processes. The magnitude of L grows
substantial, rendering it unnecessary to depict the high-dimensional space
of deep features. In L, the columns denote the Eigenvectors. The dimensions
of L become n x n. The initial eigen column vectors in L are typically
designated as the largest vectors. We are now selecting the k-largest
eigenvalue column vectors for the n frames of deep features. These can be
depicted using the stacks of k-largest Eigenvectors, referred to as spectral
space ‘SV.” The singular value (SV) represented the ideal low-dimensional
manifold subspace for the high-dimensional deep features of n frames,
characterized by a size of n x k, where k signifies the decreased
dimensionality of the spectrum space or the low-dimensional manifold
subspace.

The proposed spectral approach for video frames achieves optimal
feature representation by extracting the k-largest Eigenvectors, where k
denotes the number of major components in spectral space. SV delineates
the ideal characteristics of the frame. Upon acquiring the extensive batches
of frames, randomly select n batches and input them into the deep layer,
adhering to a batch size of 24 (maximum sequence length) and frame
dimensions of 224 x 224. The algorithm delineates these phases from step
1 to step 4. Step 5 employs the following deep models independently:
VGG16, ResNet50, DenseNetl121, MobileNet, GoogleNet, and
EfficientNetB0O to extract deep features, with each frame yielding deep
features of 2048 dimensions. A significant issue of data sparsity has arisen
in the deep features. Consequently, the spectral approach was employed
to transform the high-dimensional deep features into a spectral space with
reduced data sparsity.
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4. Results and Discussion

The experiments are conducted on the 14 classes of the benchmarked
video dataset, UCF-CRIME, which is publically available in [23]. Upon
commencing the pre-processing, the video for each class is segmented
into distinct frames and systematically categorized according to the
training and testing labels. Deep features are extracted utilizing the
Densenet, Googlenet, Mobilenet, EfficientNetB0, Resnet, and VGG16
models. Additionally, these characteristics are projected onto lower-
dimensional manifolds by extracting the principal components (or
eigenvectors) using the eigen decomposition of the Laplacian matrix. The
reduced dimensional attributes are derived from our proposed SDCT.
Table 1 illustrates the outcomes of current deep-based classifier models
(i.e., Deep Random Forest, Deep-SVC, and Deep-kNN) alongside the
proposed spectral-based deep classifier video models (SDCT-Random
Forest, SDCT-SVC, SDCTKNN). The assessment metrics of accuracy,
precision, recall, and f-measure are illustrated in [24]

Table 1
Performance Values for the Existing and Proposed Methods

Performance Model RDe;p SDCT- | Deep- | SDCT- | Deep- |SDCT-
Measure odels aneom| RF | SVC | SVC | KNN | KNN
Forest
Densenet 0.8464 | 0.9607 |0.9429| 0.9893 | 0.525 | 0.6464
Googlenet 0.8107 | 0.9786 |0.8964 | 0.9964 | 0.5893 | 0.6571
Mobilenet 0.8786 | 0.9607 | 0.9536 | 0.9929 | 0.6107 | 0.6929
Accuracy
EfficientNetB0 | 0.8107 | 0.8464 |0.2786 | 0.7036 | 0.4071 | 0.5182
Resnet 0.8607 | 0.9821 | 0.9536 | 0.9929 | 0.6107 | 0.6964
VGG16 0.8321 | 0.9393 | 0.5536 | 0.9429 | 0.5464 | 0.6536
Densenet 0.8614 | 0.9642 |0.9474 | 0.9907 | 0.6185 | 0.7014
Googlenet 0.8331 | 0.9799 | 0.9091 | 0.9966 | 0.6904 | 0.7361
Mobilenet 0.8847 | 0.9664 | 0.9588 | 0.9935 | 0.6522 | 0.725
Precision
EfficientNetB0 | 0.8597 | 0.8317 |0.2051 | 0.7222 | 0.356 | 0.3984
Resnet 0.8775 | 0.9828 | 0.9588 | 0.9935 | 0.6522 | 0.7303
VGG16 0.8578 | 0.9518 | 0.6119 | 0.9504 | 0.5395 | 0.5543

Contd...
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Densenet 0.8464 | 0.9607 | 0.9429 | 0.9893 | 0.525 | 0.6464
Googlenet 0.8107 | 0.9786 | 0.8964 | 0.9964 | 0.5893 | 0.6571
Mobilenet 0.8786 | 0.9607 | 0.9536 | 0.9929 | 0.6107 | 0.6929
Recall EfficientNetB0 | 0.8464 | 0.8107 |0.2786 | 0.7036 | 0.4071 | 0.4871
Resnet 0.8607 | 0.9821 | 0.9536| 0.9929 | 0.6107 | 0.6964
VGG16 0.8321 | 0.9393 | 0.5536 | 0.9429 | 0.5464 | 0.5536
Densenet 0.8432 | 0.9609 | 0.9436 | 0.9895 | 0.5245 | 0.6413
Googlenet 0.8082 | 0.9785 | 0.8982| 0.9964 | 0.5837 | 0.6558
Mobilenet 0.8775 | 0.9619 | 0.9545 | 0.9929 | 0.6059 | 0.6967
F-Score EfficientNetBO | 0.8115 | 0.8447 |0.2135 | 0.6946 | 0.3574 | 0.3968
Resnet 0.8628 | 0.982 |0.9545 | 0.9929 | 0.6059 | 0.7013
VGG16 0.8299 | 0.941 | 0.543 | 0.9437 | 0.5071 | 0.5267

The  experimental  performance scores indicated  that
proposed SDCT attained a commendable classification rate relative to
current deep learning classifier models, owing to the mitigation of the
data sparsity issue in the suggested spectral-based deep classifier models.
The accuracy value increased by 10 to 12% in the proposed models relative
to the existing models. Correspondingly, the values for precision, recall,
and F-score enhanced by 6% to 10%, 5% to 11%, and 4% to 12%, respectively.

5. Discussion and Conclusion

Classifications of video surveillance are becoming essential for
societal applications, particularly in the realm of public safety. Threatening,
spurious, and other anomalous behavior classifications are advancing in
computer vision research. Deep models are the most effective
methodologies for video categorization. Nonetheless, there are concerns
pertaining to the data sparsity of deep features in video frames. The deep
features possess high dimensionality and exhibit sparsity challenges. The
proposed SDCT strategy utilizes efficient spectral methods to map deep
features to spectral features, thereby mitigating the impact of the sparsity
issue. The reduced sparsity of deep features may affect the attainment of a
high classification rate for video abnormalities. The results unequivocally
demonstrate that spectral-based deep classifier models enhanced
classification performance metrics by 7 to 11% relative to deep-based
classifier video models. The suggested spectral-based deep models utilize
a singular perspective of subspace learning, and there exists potential to
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enhance the SDCT through multi-view subspacelearning foradvancements
in future video categorization.
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