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ABSTRACT

Video classification is a vital area of research due to the growing volume of video content
in various applications. Accurate category across various resolutions poses challenges, which
include adapting to scaling, resizing, and compression. Therefore, this paper introduces an
innovative Generative Convolutional Network (GCN) set of rules tailored for multi-resolution
video classes. The proposed GCN model utilizes Convolutional Neural Networks (CNNs) combined
with generative modeling to enhance the extraction of functions across varying video resolutions,
which is crucial for maintaining class robustness in the face of common video adjustments, such as
scaling, resizing, and compression. In contrast, traditional fashions frequently struggle with such
versions, resulting in inconsistent class results. By integrating CNNs with a generative community
and utilizing antagonistic training, the GCN refines its function, becoming familiar with and
improving its typical class performance. The generative aspect simulates input variations,
enabling the model to remain resilient under various video conditions.

Experimental results show that the GCN outperforms traditional strategies across key assess-
ment metrics. On the UCF101 dataset, it achieved 98% accuracy, 94% Recall, 95% precision,
and a 96% F-score. Compared to setting up models using SVM, CNN, KNN, and RNN, the GCN
can consistently deliver advanced performance, particularly in terms of robustness, accuracy, and
resistance to parameter modifications. These findings highlight the potential of GCN to become
a new benchmark for video classification, particularly in real-time applications that require
dependable evaluation of multi-resolution video content.
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1. Introduction

With the constantly changing digital content environment, effective film categories
through different resolutions have become more and more important to many applications,
such as content recommendation and automatic surveillance [1, 2]. The diversity in reso-
lution formats of videos on the Internet poses special challenges, including how to ensure
category labels still have high quality when the videos are resized, scaled, or compressed.
Conventional classification techniques may not be well-suited to these multi-resolution
problems and tend to perform poorly [3]. Recent advances in deep learning have greatly
advanced visual categorization. The development of deep learning has enabled Recurrent
Neural Network (RNN) scalability to background processing architecture learning meth-
ods, including Convolutional Neural Networks (CNNs), which have yielded an impressive
improvement in video category recognition [4]. CNNs offer powerful feature extraction
and classification capabilities, but often struggle to handle the complexity of different
video resolutions and aspect ratios [5]. The traditional CNN model does not handle the
challenging temporal and spatial dynamics exhibited in videos well, especially with a loss
of efficacy in classification when adapting to changes on the resolution scale [6, 7].

The emergent need for more efficient and adaptive video classification solutions has
led to the emergence of hybrid models, including generative methods [8]. In particular,
Generative Adversarial Networks (GANs) have shown promising applications in both data
augmentation and feature enhancement, where they lightly perturb the original video
data, making them useful in improving robustness in features learned from the video
data [4, 9]. Nevertheless, existing approaches still face challenging scenarios, such as
high computational cost, variable video codecs, and the requirement of a large amount
of annotated data. Moreover, conventional methods are ineffective in multi-resolution
transformation and cannot be applied to real scenes [10].

The main shortcoming of the state-of-the-art methods lies in the fact that existing
approaches still fail to consistently achieve both high accuracy and robustness for multi-
decision video content. CNNs are very good at extracting functions; however, they lack
the flexibility to vary in resolution and are susceptible to distortion. Likewise, GANs
have not been fully explored to better exploit feature extraction and type consistency in
multi-resolution settings, at the same time. This obstruction motivates the proposal of a
new model that combines the advantages of CNNs and GANs to address the challenges of
multi-decision video classification.

The key objective of this paper is as follows:

1. Propose a hybrid Generative Convolutional Network (GCN) that integrates CNNs and
GANSs for strong multi-decision video type.

2. Enhance overall classification performance by incorporating hostile training to simulate
various video adjustments.

3. Optimize the generator architecture by stabilizing the latent input for consistent, class-
specific outputs.

4. Adapt the Discriminator to support multi-class output, aligning with the categorical
nature of video datasets.

5. Benchmark GCN in opposition to conventional models, which include SVM, CNN, KNN,
RNN, and traditional GANSs.

6. Ensure computational efficiency to support real-time and resource-constrained appli-
cations, including those in surveillance and healthcare, to optimize performance.

This paper aims to bridge the existing studies by introducing a singular GCN model,
especially designed for multi-decision video types. By addressing the challenges of the
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multi-resolution video content category in an increasingly virtual international environ-
ment, we improve accuracy and resilience. By accomplishing these goals, the GCN model
contributes to the development of more reliable video evaluation packages, ultimately
fostering greater confidence in automated systems. To address these demanding situations,
a novel GCN model has been proposed, designed to refine the CNN model for multi-
resolution video classification. The GCN integrates a generative factor that simulates actual
global variations in capability, taking into account more effective characteristic extraction
and type accuracy. By employing adversarial training, the GCN refines the typing process,
making it resilient against numerous styles of video manipulation. Through this paper, the
strengths of today’s video classification techniques have been examined, providing a strong
strategy to address the challenges posed by multi-decision content in an increasingly digital
world. By improving class accuracy and resilience, they contribute to greater reliability in
video analysis packages, ultimately fostering increased confidence in automated systems.
The key contributions of this paper are as follows:

+ Developed a novel GCN framework that efficiently combines CNN-based total spatial
feature extraction with GAN-based adversarial opposite learning for video classifica-
tion.

- Implemented an antagonistic refinement method that improves classification ro-
bustness under various resolutions and video conditions.

» Modified the generator’s objective function to use a fixed latent vector, resulting in
output stability throughout classes and datasets.

« Introduced a multi-class discriminator objective function, instead of a binary
category, to enhance category-specific learning and help with large-scale datasets.

- Demonstrated empirical superiority, attaining up to 98% classification accuracy on
benchmark datasets such as UCF101, HMDB-51, YouTube-8M, and ActivityNet.

- Validated resource efficiency, with aggressive GPU memory consumption and edu-
cation time.

- Enabled sensible deployment, showcasing use cases in real-world applications like
automated surveillance, content moderation, and medical video diagnostics.

The rest of the paper is organized as follows: Section 2 critiques the current model in
the video category and highlights its limitations in handling multi-decision eventualities.
Section 3: Video classification provides an in-depth discussion of video categories, empha-
sizing the importance of temporal and spatial functions, and outlines conventional machine
learning, CNN, and GAN-based strategies. Section 4: The proposed methodology provides
Information on the design and implementation of the GCN model, including its structure
and adversarial education method. Section 5: Experimental results afford a comparative
evaluation of GCN with baseline models throughout a couple of datasets, emphasizing its
superior performance. A general discussion of the proposed model and the experimental
results is provided in Section 6. Finally, Section 7: Conclusion and Future Work summarizes
the findings, discusses the impact of the GCN framework, and outlines avenues for future
studies. This structure ensures a rigorous scientific exploration of the proposed model and
its contributions to advancing the field of video classification.

2. Related work

Research on deep learning techniques for video evaluation highlights diverse mod-
ern strategies aimed at enhancing performance in tasks such as movement recognition
and video classification. These strategies leverage superior neural networks to extract
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significant capabilities and ensure robustness against diverse challenges in video informa-
tion. The following are key factors associated with the work in this discipline. Key contribu-
tions include the framework, which combines CNNs and RNNs for movement recognition in
videos. The method achieved trend accuracy in spotting complex movements. However,
the version’s dependence on huge annotated datasets limits its practicality in situations
with limited records [8, 9]. A flow-based total CNN model has been introduced for real-time
motion recognition, leveraging optical flow combined with spatial features to enhance
both accuracy and processing speed. However, challenges remain in adapting the model
to variations in light conditions and background changes [10]. Several excellent research
studies have addressed the challenges of video classification using various machine learn-
ing approaches. The authors of [11] explored the use of GANSs for synthesizing videos from
textual descriptions, demonstrating the capacity of GANs in video generation. However, the
examiner said problems in preserving temporal coherence and consistency over extended
sequences. Integrating SVMs with deep learning capabilities for video classification tasks
has been introduced by [12]. By employing transfer learning from pre-trained CNNs, the
authors achieved significant improvements in classification performance.

However, the method faced challenges due to inefficiency in the context of massively
large video datasets, primarily linked to scalability and computational efficiency issues. In
another study, the KNN method was evaluated for video category classification, resulting
in significant accuracy improvements. However, the high computational weight of KNN
has been one of the most important obstacles for real-time applications. In [13], a three-
dimensional Convolutional Neural Network (3D-CNN) specifically designed for human
action recognition tasks within video sequences has been developed. Although the model
obtained very good results, it consumed a large amount of computational resources during
training. Finally, RNNs applied to temporal action localization are addressed by [14],
which highlights the necessity of sequence modeling to improve detection performance.
The analyses were powerful, but this highlighted that there is a trade-off between version
complexity and real-world performance needs.

In summary, the deep learning tools for video analysis are still in fast development. The
use of state-of-the-art neural network structures is generally improving performance across
a diverse range of tasks. However, it remains a challenge to deal with the complexity of
video records, as well as achieve consistent results in various applications.

3. Video classification

Video classification is the process of categorizing video content according to both
temporal and spatial features, enabling applications such as, but not limited to, content
recommendation, surveillance, and sports analysis [15]. Unlike a static picture classifica-
tion, it reads sequences across time by synthesizing the picture in context from motion and
then recognizing changing patterns. Deep learning approaches, particularly hybrid models
that integrate convolutional and generative approaches, have significantly reduced video
classification error [16]. CNNs are strong in extracting spatial and structural features,
whereas GANs help in generating reasonable video sequences, which can also increase
the educational dataset [17]. Recent advances also include interest mechanisms that are
sensitive to the most useful functions of a sequence, thereby improving accuracy and
efficiency.

Nevertheless, some challenging problems, such as computational cost, the diversity of
video formats, and the requirement for sufficient annotated data, are still limited. The solu-
tions to these challenges are achieved through methods such as multi-decision analysis and
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transfer learning, which provide solutions with a higher degree of robustness [18]. Progress
in the video portion is important for various applications, such as automatically detecting
people in surveillance videos, commercial content moderation, and medical analytics,
in which precise pattern recognition is crucial. For example, recent studies have shown
that two-stream CNN architectures are efficient in action recognition, and attention-based
mechanisms have achieved superior performance in high-temporal-precision applications
[19, 20]. The following sections outline how to utilize machine learning, CNNs, and GANs
in video classification.

3.1. Video classification based on machine learning

Machine Learning Video Classification employs sophisticated algorithms to treat and tag
video content, offering automation, reliability, and consistency in multiple use cases. Types
of Classification Strategies There are two main types of classification strategies, classified
as: body-based classification, which takes the popularity of character frames and makes a
decision for each frame as to whether it is good or bad, and video-level classification that
aggregates features over time to classify a video as good or bad [21]. Machine learning
programs inside this context comprise function extraction wherein algorithms extract big
visual and audio features to improve the type accuracy; temporal modeling capturing
dynamics in movement sequences to improve the recognition overall performance; and
ensemble strategies that combine the predictions from a couple of models to enhance
robustness and reduce errors [22, 23].

The benefits of these techniques include the precise initiation of complex moves step by
step and the real-time processing of dynamic video streams, as well as the classification of
video types such as sports and surveillance video [24, 25]. Challenges still exist, however,
such as the difficulty of training deep end-to-end models, dependence on large-scale
annotated data, and overfitting to particular video genres. Use-cases of this generation
include applying to anything from community moderation and fashion recommendation
systems to automated surveillance and sports analytics, with a focus on inferring valu-
able insights from video content. Continuous research is working towards enhancing
the performance and efficacy of gadget-getting-to-know-you, mostly classification-based
video algorithms, mainly through the development of better deep learning architectures
and the incorporation of interest mechanisms to spot relevant content in dynamic video
environments [26].

3.2. Video classification based on convolutional neural networks

CNNs have shown large promise in the video category, leveraging their potential to
robotically extract and learn complex temporal and spatial capabilities [27]. CNN-based
version that effectively classifies motion reputation in movies by capturing both spatial
and temporal dynamics. However, these models often conflict with sizable changes, in
particular adjustments in resolution or body prices [28]. As shown in Fig. 1, the inherent
structure of CNNs enables them to adapt to various noise styles; they face demanding
situations while videos undergo significant alterations, motivating the exploration of
advanced techniques like GANs to enhance robustness [29, 30].

3.3. Video classification based on generative adversarial networks

GANSs, introduced by [31], have been widely applied to various video processing tasks,
including video generation, enhancement, and classification. GANs aid video classification
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Fig. 2. Workflow of generator and discriminator networks in the GAN model.

with the aid of augmenting data, enhancing resolution adaptability, refining features,
and aiding area editing. While not direct classifiers, GANs enhance robustness and can
be adapted to help in classification by modifying the Discriminator for class probability
outputs. GANs consist of two main components: a generator that produces synthetic
data (e.g., images, text, or audio) that mimics the real data distribution [32]. It starts
by generating random outputs and progressively improves by learning from feedback
provided by the Discriminator. The Discriminator evaluates the authenticity of the data,
distinguishing between real data (from the dataset) and fake data (from the generator)
[33, 34]. It provides feedback to the generator, helping it improve the quality of its outputs,
as shown in Fig. 2. The adversarial training process enables the generator to produce
increasingly realistic videos [35, 36].

The goal of the generator is to produce statistics that are indistinguishable from actual
information [37, 38]. The generator aims to maximize the Discriminator’s probability of
classifying generated (fake) records as actual [39]. These training mechanisms define
the adverse schooling technique in a standard GAN [40, 41]. In the context of video
classification, GANs have been utilized to enhance extracted features and increase the
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variety of training datasets [42]. For instance, [43] proposed a GAN-based approach that
generates augmented video sequences to enhance the accuracy of motion recognition
models [44] explored using GANs to create multi-decision video changes, which help
enhance the robustness of category fashions against resolution adjustments.

4. Proposed generative convolutional networks refinement approach

By integrating GANs with CNNs, the proposed model aims to leverage the generated
multi-decision transformations to enhance overall video performance, particularly in dy-
namic and challenging environments. During the preprocessing step, movies were divided
into frames at set intervals, scaled to 256 x 256 pixels, and keyframes were selected
based on entropy values to preserve the maximum applicable regions. GCNs integrate the
strengths of GANs and CNNs to excel in statistics technology and feature extraction. At
its essence, GANSs contribute creative realism through a Generator-Discriminator dynamic,
refining outputs to mimic real-world Information. CNNs enhance this by extracting specific
spatial and structural capabilities, allowing GCNs to model complex patterns with high
consistency and accuracy, making them versatile for applications like computer vision and
3D modeling.

Key features of the proposed GCN model include:

1. Generative Component: The generator in the GCN synthesizes enhanced multi-
resolution features of video frames that emulate potential transformations. This enables
the classification model to adapt effectively to diverse video inputs by achieving
robustness against variations in resolution.

2. Adversarial Training: GCN employed adversarial training to facilitate classification.
Since the Discriminator is trained to judge the quality and accuracy of classification
under multiple conditions, the GCN learns to classify videos better and more robustly
from the beginning.

3. Multiscale Adaptability: Unlike previous works, GCN is particularly adapted to any
resolution in video frames. This flexibility guarantees that classification is preserved
and consistent.

4. Robustness Analysis: The framework designs the mechanisms to analyze the classi-
fication robustness to accuracy, recall, precision on F-score, and makes sure that the
current GCN could satisfy the requirements of general video classification.

The GAN was coupled with the CNN to stabilize and regularize the feature generation. In
traditional GANSs, the features are generated randomly by the generators, resulting in high
variation in random features between iterations. Although this randomness is useful for
some applications needing distinctive outputs, it is frequently unacceptable when stable,
repeatable features are desired. To handle this, a static input structure was used, which
limits the variation of the generator. By binding the process of the generator to a concrete
input, a controlled reference point for selective feature generation has been created, and
the reproducibility of the generator has been enhanced as follows:

Lg = Ezp,, log(1 — D (G (2))) )
where:

+ z is a random input (usually sampled from a normal or uniform distribution),
* G (2) is the output of the generator, which aims to resemble real data.
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* D (G (2)) is the probability assigned by the Discriminator that the generated data is
real.

A Generator network is used to enhance or simulate frame features (e.g., through noise
injection or augmentation). To enhance the diversity or quality of extracted features.
Through this setup, the generator now selects features in a pseudo-random manner based
on the predetermined input, which aligns the generator’s functionality more closely with
the requirements of stability-focused applications. As a result, the generator’s output
has been transformed from a dynamic and variable state to a fixed, consistent form in
each iteration by introducing a new parameter called. (ffrqme). This variable enables the
generator to produce consistent results despite input variations, making it more robust and
versatile in tasks like image and video generation. Therefore, the new modified objective
function of the generator will be as follows:

Lg = —Ey,,, -log(1 — D(G (2. ©)).) @

where:

* G: The Generator function.

* D: The Discriminator function.

+ 2: A random noise vector sampled from a distribution (e.g., Gaussian or Uniform).

+ ¢: The target class label (one of C real classes).

* G(z, c): The generator outputs a single fake frame conditioned on, which is supposed
to resemble a real frame belonging to the class c.

* — Ey,.. - Negative expectation, to ensure that the generator learns to maximize the
Discriminator’s confidence in misclassifying the fake frame as belonging to the real
class, and ffrqme indicates a fixed number of frames.

To evaluate the effect of (fsame), an examination has been performed by comparing the
performance of the generator with and without the inclusion of (fsqme). The consequences
are summarized in Table 1. This optimization of the generator in the GAN algorithm, with
fixed input constraints, presents a novel approach to controlled feature generation, thereby
expanding the versatility of the generator for applications where controlled variability
and reliability are crucial. In GCN, its key roles, as shown in Table 1, include spotlighting
the improvements achieved through the inclusion of (fsam), specifically in stability and
learning guidance application use cases. These findings underscore the importance of
(fframe) improving the generator’s overall performance and versatility. A specified contrast
between the unique and modified objective capabilities is supplied in Table 1, which
affords a comprehensive evaluation of the improvements achieved. This optimization of the
generator in the GAN algorithm, with fixed input constraints, presents a novel approach
to controlled feature generation, thereby expanding the versatility of the generator for
applications where controlled variability and reliability are crucial. In GCN, its key roles
include Eq. (1) original generator objective function as shown in Egs. (1) and (2) modified
generator objective function as shown below:

Lg = _Effrﬂme ' lOg(l —D(G (Z’ C))C) ©

A comparison between the original generator objective function and the modified gen-
erator objective function is explained in Table 1.

The Discriminator acts as a quality control mechanism. The Discriminator can classify
real-world images (e.g., cats, dogs, etc.) by extending its output layer to predict multiple
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Table 1. Comparison between the original generator objective function and the optimized equation.

Aspect Original Objective Function Modified Objective Function

Equation Lg = Ez~p,,,l0og(1 — D(G(2))) Lo =—Effpm, log(1 — D(G(z, ©)).)

Goal Fool the Discriminator into classifying ~ Generate data that matches specific real
generated data as “real.” categories and transformations.

Input Random noise z ~ p,(;) sampled from  Fixed latent frame f,qp, for stability.
a prior distribution (e.g., Gaussian
or uniform).

Discriminator Binary feedback: “real” or “fake.” Multi-class feedback: Probabilities over C real

Feedback categories, with structured feedback for

Focus of Training

Maximize the Discriminator’s
confusion to classify generated
outputs as real.

specific classes.
Align generated outputs with specific real data
category parameters.

Stability Random noise z introduces Fixed latent frame f¢-qmeensures stable and
variability, which may lead to consistent outputs during training.
unstable training.
Learning Limited guidance: The generator only ~ Rich guidance: The generator learns to produce
Guidance learns to fool the Discriminator into data that aligns with specific categories and
classifying fake data as real. transformations in the dataset.
Application Use General-purpose data generation tasks  Structured data generation tasks, such as
Cases where detailed category alignment medical imaging, motion synthesis, or any
is not required. application in a specific category.
Flexibility with Not category-aware; all generated Fully category-aware: supports multi-class
Categories data is treated as belonging to a classification and training with C real
single “real” category. categories.
Risk of Mode High: The generator may produce a Reduced: Category-specific feedback ensures
Collapse narrow set of outputs due to the the generator learns to cover all categories in
binary discriminator feedback. the dataset, thereby avoiding overfitting to a
single mode.
classes.

Lp = —Ex-pyu, [L0g (D (x))] — Ez~p, [log (1 — G (D (2)))]

Where:

* x is a sample from the real data distribution.

* D(x) is the probability that the Discriminator correctly identifies.

* G (z) is the generated data from the generator, which should be classified as fake by
the Discriminator.

4)

In the original discriminator equation above Eq. (3), the outputs are only two values,
which are (real data/fake data). In the modified discriminant equation below Eq. (4),
the discriminator outputs have been made unlimited based on the categories in the
classification database.

to= | L9l (O(K),) | 51 om | St (1-0(7*), )

where:

c=1

)

c=1

. K}eal: A real key frame sampled from the video dataset.

D (K}“‘l)c: The probability that the Discriminator assigns to K}eal being classified as class

C.

* ¥.: A one-encoded label vector indicating the true class of K}eal.
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. K}Cake: The fake frame generated by the generator.

D (K}(“ke)wl: The probability that the Discriminator assigns to Kjfake being classified as

the fake class.
e ¢+ 1: Real class +1 fake frame.

The Discriminator classifies the data, ensuring that it learns to recognize and validate
the dataset, thereby improving robustness, as clarified in Algorithm 1. The complete GCN
block diagram is shown in Fig. 3.

5. Results and comparative analysis

For the computational setup, the implementation applied the following assets:

« Hardware: Experiments were conducted in Google Colab, utilizing GPUs with NVIDIA
Tesla T4, which have approximately 16 GB of GPU memory and 13 GB of RAM.

« Software Framework: The implementation utilized Python 3.8, TensorFlow 2X, and
Keras for deep learning operations. Additional libraries covered OpenCV, NumPy,
Matplotlib, Seaborn, SciPy, PyTorch v1.12.1, and CUDA v11.6.

+ Hyperparameters: The hyperparameters for the proposed framework have been cau-
tiously selected to ensure robust overall performance and reproducibility. Frames
have been extracted at 5-frame intervals, and keyframe choice was carried out by
identifying the top five frames based on entropy values, ensuring that the maximum
informative segments were retained. Additional education hyperparameters protected
a batch length of 64, a total of 100 epochs.

 Datasets: the datasets used to test the proposed model are UCF101, HMDB-51,
YouTube-8M, and ActivityNet. The characteristics of these datasets are shown in
Table 2.
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Algorithm 1 Generative Convolutional Networks algorithm.

Input: Video dataset V, noise z, classes C
Preprocessing
For each videov € V:
Preprocess v
F = turn_video_into_frames (v)
K = extract_key_frames (F)
End for
Initialize Generator (G) and Discriminator (D)
Set learning rate and loss functions (Lp, Lg)
9: Training:
10:  For epoch = 1 to max_epochs do

NARdE

11: For each video v €V do # Train Discriminator
12: K}eal = sample_real_keyframes ()
13: ¢ = get_real_class_label (K}eal)
14: K)’:ake = G(z, ¢) # Generate fake keyframes
15: Pass Ki** and Kj’fake through Discriminator:
16: CNN_output = Conv3D (K)
17: Pooled_output = MaxPooling (CNN_output)
18: Activated_output = ReLU (Pooled_output)
19: Fully_connected_1 = FC_1 (Activated_output)
20: Fully_connected_2 = FC_2 (Fully_connected_1)
21: D_output = Softmax (Fully_connected_2)
22: Compute Lp:

Lp = —Ex-pyq, [3 601 Ye 10gDEKF™) )] = Ef- frame [3¢_1 Ye log(1 — D&K{™)_ )]... Eq. (5)
23: Update Discriminator D using Lp
24: End for
25: For each video v € V # Train Generator
26: ¢ = randomly_select_class()
27: z = sample_noise ()
28: Kffake = G(Z, C)
29: Compute Lg:

Lg = —E[log(1 — D(G(z,c)I] ......... Eq. (2)

30: Update Generator G using. Lg
31: End for

32: End for # epoch loop
33:  Use Discriminator (D) to classify real videos into C classes # Classification step.
Return C

Output: Trained models (G, D), classification results

Table 3 illustrates various methods applied to different video datasets for classification
purposes. From Table 3, it can be observed that GANs are not typically used as standalone
models for video classification. However, they have been incorporated into type
frameworks to enhance data diversity, learn spatial-temporal capabilities, or perform
domain adaptation.

Despite the numerous obstacles present within the datasets, class imbalance, label noise,
restricted variability, and high computational demands, the new GCN model demonstrates
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Table 2. The following datasets are used to benchmark GCN against existing methods.

No. of No. of Resolution
Dataset Video Classes Types Limitations Advantages
UCF101 13,320 101 1080p, 720p, - High resolution - High-quality visuals.
[45] 404p - Short durations - Efficient training.
- Label noise - Scalable collection technique.

ActivityNet 27,000 200 480p, 360p - Long video lengths. - Rich temporal context.

[46] - Manual annotation - Human-level details.
variability. - Realistic ambiguity modeling.
- Class overlap.

YouTube- 8,000,000 3,700 Multi- - Class imbalance. - Realistic scale and complexity.
8M Resolution - Annotation noise. - Automated labeling capability.
[47] - High computational cost. - Challenging benchmark.

HMDB-51 7,000 51 320p, 240p - Small size. - Focused scope.

[48] - Limited variability. - Controlled conditions.

- Lacks multimodal features. - Simplified structure.

Table 3. Methods and video datasets for classification purposes.

Model Dataset Year  Ref.
CNN UCF101 2023 [49]
KNN ActivityNet 2024 [12]
RNN YouTube-8M 2023 [50]
SVM HMDB-51 2025 [51]
GAN Not used for direct video classification  — -

@® No.ofVideo @ No. of Classes

8,000,000 500

400
6,000,000 <

300
4,000,000 +

200

2,000,000 +
100

UCF101 HMDB-51 YouTube-8M Activity Net
Fig. 4. The proposed GCN tested on benchmark datasets.

advanced performance in video classification tasks, as shown in Fig. 4. By leveraging its
advanced generative capabilities and deep spatial-temporal Information, the GCN success-
fully mitigates problems such as annotation noise and class ambiguity, while effectively
analyzing both brief and lengthy video sequences. Its robust structure enables it to capi-
talize on the strengths of each dataset, such as high-resolution inputs and rich temporal
context, making it the most effective and dependable model for managing the precise and
demanding situations of real-world video data.

GCN'’s architecture, which integrates CNNs with a generative component, offers en-
hanced adaptability to various resolutions and transformations, resulting in improved
classification performance compared to other deep learning methods, as shown in Table 4.
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Table 4. GCN performance results compared with other deep learning methods.

Dataset Method Accuracy Recall Precision F-Score
UCF101 GCN 98% 94% 95% 96%
CNN (FC6) 60% 30% 60% 40%
HMDB-51 GCN 91% 86% 87% 87%
SVM 63% 75% 76% 61%
YouTube-8M GCN 86% 87% 85% 86%
RNN 77% 69% 85% 85%
ActivityNet GCN 90% 91% 90% 90%
KNN 79% 80% 79% 78%
B Accuracy [ Recall Precision [l F-Score

100%

86% 86%

75% —

50% —

25% —

UCF101 HMDB-51 YouTube-8M ActivityNet

Fig. 5. Results and comparative analysis.

Fig. 5 showcases GCN’s superior ability to handle diverse video resolutions and transfor-
mations. The model achieved significantly higher accuracy, recall, precision, and F-score
across various datasets. Positioning it as a robust and effective model for multi-resolution
video classification tasks.

In Fig. 6, the statistical evaluation confirms the high consistency of the GCN version
across multiple overall performance metrics. The trends for accuracy, recall, precision,
and F1-Score have been low, indicating significant consequences across diverse datasets,
as shown in Table 5.

Table 6 T-checks comparing accuracy to recall, precision, and F1 showed no statistically
significant variations (p > 0.05), while ANOVA analysis (p = zero.917) further confirmed
the uniformity of most of the metrics. The effect size (Cohen’s d = 0.398) between accuracy
and recall suggests only a small sensible difference. Overall, these consequences validate
the robustness and balanced overall performance of the GCN model across various video
category obligations.

To estimate the CPU memory usage and training time for each technique based on a
specific dataset, consider several factors, such as the range of videos, the number of frames,
and the total number of samples. Below is a basic technique for calculating:

Memory Usage = Number of Samples x Dimensions per Sample x Bytes per Value (6)
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Fig. 6. Statistical evaluation of the GCN.

Table 5. Statistical evaluation of the GCN overall performance metric.

Standard Deviation (%) Confidence Interval (95%)

Accuracy 4.99% (83.31%, 99.19%)
Recall 3.70% (83.62%, 95.38%)
Precision  4.35% (82.33%, 96.17%)
F1-Score 4.50% (82.59%, 96.91%)

Table 6. T-checks variations in performance of the GCN.

Test Statistic p-value
t-test (Accuracy vs Recall) 1.093 0.354
t-test (Accuracy vs Precision) 2.191 0.116
t-test (Accuracy vs F1) 1.567 0.215
ANOVA (All GCN Metrics) 0.166 0.917

And for training time:

Total Samples

Training Time = — X
ns Processing Speed

(7)

While quantifying the computational overhead of the GCN model, a comparison was
made of its training time and resource usage against baseline models, such as CNNs, SVMs,
and RNNs. The GCN required 1.8 times more schooling time than traditional CNNs due
to the iterative refinement process between the generator and the Discriminator, even as
less complicated models like SVMs and KNN had shorter schooling times; however, they
lacked robustness in dealing with multi-resolution inputs. GPU memory consumption was
approximately 25% higher for the GCN compared to standalone CNNs, and CPU-based total
training was infeasible due to the large-scale matrix operations. However, current GPUs
(e.g., NVIDIA A100) enable efficient training. Despite the elevated computational fee, the
alternate-offs are justified by the GCN’s superior performance, achieving 98% accuracy at
the UCF101 dataset—outperforming CNNs (85%) and RNNs (78%)—and demonstrating
enhanced robustness to resolution modifications, distortions, and manipulations, making
it a reliable choice for actual-world applications as it is clarified in Table 7.
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Table 7. The computational overhead of the GCN framework.

CPU Memory Training Time per

Model Usage (GB) Sample (Seconds)
SVM 2.42 0.054

CNN 4.36 0.162

RNN 5.45 0.27

The Proposed GCN 3.27 0.145

KNN 3.27 0.216

The GCN achieves moderate reminiscence usage and the lowest training time due to
its hybrid architecture, green characteristic extraction, lightweight design, and optimized
training process. These improvements enable it to outperform conventional algorithms,
such as CNN, KNN, SVM, and RNN, in terms of accuracy, adaptability, and compu-
tational efficiency, making it an ultra-modern solution for multi-resolution video-type
tasks. For instance, in the UCF101 dataset, GCN achieved an accuracy of 98%, a re-
call of 94%, a precision of 95%, and an F-score of 96%, markedly outperforming the
conventional CNN model used in this dataset. Similar developments had been observed
across different datasets, with GCN consistently outperforming SVM, RNNs, and KNN
techniques in terms of robustness and performance metrics. Specifically, the GCN’s multi-
resolution adaptability enabled it to maintain excellent type overall performance even
in situations where traditional algorithms struggled with decision variability and video
distortions.

We also have the visual inspection of our GCN model on four datasets — HMDB-51
(Fig. 7), YouTube-8M (Fig. 8), ActivityNet (Fig. 9), and UCF-101 (Fig. 10) — in the
video domain. For each dataset, the t-SNE plots (e.g., the separation of different
clusters, such as “Kicking” and “Clapping” in HMDB-51, or “Football” and “Dance”
in YouTube-8M) demonstrate strong feature mastery and class-level discrimination.
% Confusion matrices (eg, diagonal dominance in UCF101’s “Handstand” (right) vs
“Pullup” instructions) highlight high accuracy with low confusion, even for difficult
moves. Examples where feature maps (see, e.g., spatial-temporal activations in
ActivityNet’s “Archery” or UCF101’s “SoccerJuggle”) depict the hierarchy of features
extracted by the trained model, with lower layers detecting lower-level motions
and higher-order parts of objects, and deeper layers capturing smaller motions
and context. All in all, these effects support the robustness, applicability across

t-SNE plot Confusion matrix Feature Maps
40+  DrawingSword o2, DrawingSword
4 e HandStand
30 .: 33 a Se%e
0% ap Kicking Clap
n o =
201 Wave v Kicking
°%5os Ju.mp E Wave ||
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01 - . . Smoke Ny (e | |
-50 0 10 50 DDHFEG6 80246
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Fig. 7. GCN’s overall performance throughout HMDB-51, using t-SNE, confusion matrix, and feature map
visualization.
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visualization.
t-SNE plot
40 )
Jump Rope Rowing
0] 82, b
o o¥ )
o Walking
201 Archery ?;. Bowling
L) oh.o
101 Diving g
0,
Soccer e  Basketball
01 KX .g' ° F
o
50 -20 0 10 40
eSNE 1

Jump Rope
Rowing
Walking

Archery

True labets

Bowling
Basketball

Soccer

Confusion matrix
R

Feature Maps

K

JD JB 20 20 30 40 50 65 65 SK
Predicted labels

Fig. 9. GCN'’s overall performance throughout ActivityNet, using t-SNE, confusion matrix, and feature map

visualization.
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Fig. 10. GCN’s overall performance throughout UCF101, using t-SNE, confusion matrix, and feature map
visualization.

different benchmarks, and the consistent overall performance for the multi-resolution

video.

In brief, the comparative evaluation highlights the benefits of GCN’s hybrid technique,
with the generative component effectively enhancing function extraction and category
consistency across various video codecs and adjustments.
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6. Discussion

By combining CNNs and generative modeling through adversarial learning, the GCN
model has achieved a remarkable improvement in multi-decision video classification. An
excellent performance is observed in terms of accuracy, recall, precision, and F-score,
indicating the generality and adaptability to different video resolutions and variances.

The experimental results demonstrate the effectiveness of the GCN in overcoming tradi-
tional category constraints. Its generative part is trained to generate more realistic world
actions, support good function extrapolation from synthetic multi-resolution inputs, and
exhibit good regular performance, also in challenging situations, such as scaling, resizing,
and compression. Moreover, the adversarial refinement methodology is a good match, and
the strength of the GCN in resisting inter-frame video manipulations has made it a versatile
asset for today’s video assessment. Although the GCN-based method makes significant
improvements for video classification, there are some drawbacks. One, the approach
lacks an effective way to model temporal dynamics, such as long-term dependencies, and
could be improved with a more sophisticated sequence model like RNNs or Transformers.
Secondly, the current implementation of the GCN is not ideal for meeting real-time latency
requirements, as it cannot fulfill the real-time streaming requirements, such as live stream-
ing and surveillance. Lastly, but not least, its cross-domain generalization has not been
confirmed yet, as the evaluations were limited to specific datasets (e.g., action recognition),
and it cannot be guaranteed that similar results can also be obtained on other types of video
data (e.g., artistic or abstract videos). These limitations highlight the spaces for future
enhancement and put the current potential of the framework into a broader perspective.

Ultimately, the GCN model establishes a new benchmark for the video category, par-
ticularly in multi-decision scenarios. While demanding situations remain, the insights
gained from this study pave the way for further improvements in video analysis, ultimately
contributing to the development of more reliable and adaptable automated systems.

7. Conclusion and future work

This paper introduces the GCN, a groundbreaking hybrid set of rules that seamlessly in-
tegrates CNNs with generative modeling to enhance the state-of-the-art in multi-resolution
video classification. The proposed version addresses the limitations of traditional category
techniques by offering improved robustness and flexibility, particularly under various
video alterations, including scaling, resizing, and compression. Experimental results on
benchmark datasets, including UCF101, HMDB-51, YouTube-8M, and ActivityNet, demon-
strate that GCN consistently outperforms traditional approaches such as CNN, RNN, SVM,
and KNN. Notably, it achieves an excellent 98% accuracy, 95% precision, 94% recall, and
an F-rating of 96% on the UCF101 dataset.

The Hybrid GCN model gives particular advantages:

1. Improved Feature Extraction: CNNs are great at finding local spatial hierarchies in
images (such as photographs or stills from a motion picture). They enable GANs to be
aware of important feature synthesis.

2. Better Convergence: CNNs provide base layers to stabilize training, thereby overcoming
issues such as mode collapse in GANs.

3. Better Quality Outputs: As a result of the pattern recognition abilities of CNNs combined
with the generative nature of GANs, GCNs produce more crisp, realistic results.

4. Flexibility: GCNs are flexible, allowing us to create programs that are precision-
intensive (e.g., medical imaging) as well as creativity-heavy (e.g., generating Art).
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Moreover, the designed objective characteristic has been implemented to address the
shortcomings of conventional methods. Although the true function was not limited to the
following widespread operation, the improved technique brings the additional:

1. Category-specific feedback.
2. Improved stability through fixed inputs.
3. Flexibility for handling dataset imbalances.

The GCN version offers strong capabilities for practical applications across diverse
fields, including surveillance, healthcare, and sports analytics. Its capacity to handle
multi-decision video content ensures dependable overall performance across varying input
situations. To enhance its real-time international effectiveness, future work will focus on
improving temporal modeling, optimizing for real-time deployment, and exploring inte-
gration with deep learning. These developments aim to improve classification accuracy,
reduce computational demands, and broaden the version’s applicability in dynamic and
resource-limited environments.
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