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Abstract

Image filtering and enhancement play a pivotal role in ensuring the
quality and clarity of visual content, particularly in multimedia video
streaming applications. Existing filtering techniques often struggle
with balancing noise reduction, detail preservation, and real-time
performance, resulting in suboptimal outcomes in dynamic video
environments. Furthermore, video streaming systems demand adaptive
solutions that cater to diverse lighting and noise conditions. To address
these challenges, a novel Enhanced Adaptive Image Filtering and
Enhancement framework combining Deep Artificial Neural Networks
(Deep ANN) with Adaptive Histogram Equalization (AHE) is proposed.
This method leverages the powerful learning capabilities of Deep ANN
to identify noise patterns and preserve critical details, while AHE
dynamically adjusts contrast to improve visual quality in varying
lighting conditions. The proposed framework is tested on real-time
video streaming datasets, simulating environments with low light,
noise, and high-motion scenarios. The results show significant
improvements over traditional filtering methods. Experimental
evaluations show an increase in Peak Signal-to-Noise Ratio (PSNR) to
42.3 dB, compared to 37.1 dB achieved by conventional methods.
Structural Similarity Index Measure (SSIM) reached 0.96, reflecting
enhanced detail preservation and perceptual quality. Moreover, the
framework achieved a 35% reduction in Mean Squared Error (MSE)
and maintained an average processing speed of 28 frames per second,
making it suitable for real-time applications. These findings highlight
the potential of combining advanced neural network capabilities with
adaptive histogram techniques to enhance multimedia video streaming
quality. This method ensures superior performance in diverse
environments, paving the way for immersive and reliable video
streaming experiences.
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1. INTRODUCTION

Image filtering and enhancement are fundamental in
multimedia applications, particularly in video streaming, where
the visual quality directly impacts user satisfaction. High-
definition and ultra-high-definition video formats have become
standard, requiring advanced techniques to maintain clarity in
diverse environmental conditions. Traditional methods, such as
Gaussian filtering and basic histogram equalization, have served
the purpose but often compromise between noise reduction and
detail preservation. The emergence of machine learning,
particularly Deep Artificial Neural Networks (Deep ANN), has
revolutionized image processing by enabling context-aware
filtering and enhancement techniques [1]-[3]. Adaptive methods
like Adaptive Histogram Equalization (AHE) have further
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enhanced image contrast dynamically, making them suitable for
varying lighting conditions in streaming scenarios.

Despite advancements, several challenges persist in real-time
video streaming. Noise in videos from low-light or high-motion
scenarios can degrade visual quality. Standard denoising
techniques often result in loss of fine details, reducing perceptual
quality [4]. Additionally, dynamic lighting in real-world scenarios
complicates image enhancement, as fixed approaches fail to adapt
effectively [5]. Balancing noise reduction, contrast improvement,
and computational efficiency is a major bottleneck in real-time
processing, particularly for high-resolution video streams [6].
Existing systems often lack scalability, struggling to perform
consistently across diverse streaming environments, which
include variable frame rates, bandwidth limitations, and hardware
constraints [7].

The need for a robust, adaptive framework that simultaneously
addresses noise reduction, detail preservation, and real-time
processing efficiency in video streaming applications is critical.
Current methods fall short of offering a comprehensive solution
that ensures high-quality visuals while meeting the performance
demands of real-time multimedia systems [8].

The objectives of the research: To develop an enhanced
adaptive image filtering and enhancement framework that
combines the capabilities of Deep ANN with AHE for superior
video quality. To ensure real-time processing capabilities without
compromising the balance between noise reduction and detail
preservation.

The proposed approach uniquely integrates Deep ANN and
AHE, leveraging the strengths of both techniques. While Deep
ANN identifies and reduces noise patterns contextually, AHE
dynamically adjusts contrast to adapt to varying lighting
conditions. This synergy ensures an optimal balance between
noise reduction, detail preservation, and visual enhancement,
addressing the limitations of existing approaches.

2. RELATED WORKS

2.1 IMAGE FILTERING AND ENHANCEMENT
TECHNIQUES

Numerous studies have focused on improving image filtering
and enhancement for video streaming. Traditional filtering
techniques, such as Gaussian and median filters, have been widely
adopted for their simplicity and efficiency but often fail to
preserve fine details in complex scenarios [12]. Advanced
methods like bilateral filtering improve edge preservation but are
computationally expensive, limiting their real-time applicability
[13].
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The application of neural networks in image processing has
opened new avenues. Convolutional Neural Networks (CNNSs)
have been extensively used for image denoising and
enhancement, providing state-of-the-art results in static images.
However, their extension to video streaming often results in
computational overhead, making them unsuitable for real-time
use cases. Deep ANN, with its ability to learn complex noise
patterns and adaptively process images, offers a promising
alternative.

Adaptive techniques such as AHE have gained attention for
their capability to improve contrast in images with uneven
lighting. While effective, AHE alone does not address noise
reduction, necessitating its integration with complementary
techniques. Recent hybrid approaches have attempted to combine
neural networks with traditional methods but still struggle to
maintain real-time processing efficiency and scalability.

2.2 CHALLENGES IN MULTIMEDIA VIDEO
STREAMING

Video streaming presents unique challenges, including noise
from compression artifacts, variable lighting, and motion blur.
Studies have highlighted the limitations of existing approaches in
addressing these issues comprehensively [12]. Real-time
processing remains a key constraint, as computationally intensive
methods cannot keep up with the demands of high-frame-rate
video streams [13]. Adaptive solutions, such as AHE, have shown
potential but lack robustness when integrated into end-to-end
video systems.

While existing works have laid the groundwork for advanced
filtering and enhancement, the integration of Deep ANN with
adaptive techniques like AHE represents a significant leap
forward. The proposed framework addresses the critical gaps in
current methodologies, offering a balanced, efficient, and scalable
solution for real-time video streaming.

3. PROPOSED ENHANCED ADAPTIVE IMAGE
FILTERING AND ENHANCEMENT

The proposed method combines the power of Deep Artificial
Neural Networks (Deep ANN) for adaptive noise reduction and
Adaptive Histogram Equalization (AHE) for dynamic contrast
enhancement. The primary goal of this hybrid approach is to
provide superior video quality enhancement in real-time
streaming by addressing both noise reduction and contrast
adjustment in challenging conditions such as low-light or high-
motion scenarios.

e Input Video Preprocessing: The first step involves
converting each video frame into grayscale and normalizing
it to a uniform range. This step ensures consistency in input
data across frames, which is crucial for the subsequent
processing stages.

» Deep ANN-Based Noise Detection: A pre-trained Deep
ANN model is employed to detect and classify noise patterns
in the input frame. The network is trained to distinguish
between image features and various types of noise, such as
Gaussian or Salt-and-Pepper noise. This model uses
convolutional layers to extract spatial features and dense
layers for classification.
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* Noise Removal: Based on the noise detection output from
the Deep ANN, the noise is selectively removed using a
convolutional denoising autoencoder architecture, which
helps retain important image features while reducing noise.

Adaptive Histogram Equalization (AHE): After noise
removal, AHE is applied to enhance the contrast of the
image dynamically. Unlike global histogram equalization,
AHE works locally within small regions (tiles) of the image,
adjusting the contrast adaptively. The results from the AHE
process are then stitched back together, ensuring improved
local contrast without introducing artifacts.

Output Image Postprocessing: After enhancement, the
processed video frame is re-scaled to its original size and
combined back into the video stream. The entire video
processing pipeline is optimized for real-time performance,
ensuring that each frame is processed quickly without
compromising on quality.

Final Output: The final output is a video stream with
enhanced clarity, better contrast, and reduced noise, suitable
for real-time applications with varying lighting conditions
and motion levels.

3.1 INPUT VIDEO PROCESSING

The Input Video Processing step is crucial as it lays the
foundation for enhancing the quality of the video. This process
ensures that each frame of the video is standardized and
normalized, making it ready for further noise detection, removal,
and contrast enhancement. It involves two main tasks: grayscale
conversion and frame normalization.

3.1.1 Grayscale Conversion:

The first step in video frame preprocessing is converting each
frame from its original color format (usually RGB or BGR) to
grayscale. This step reduces computational complexity by
eliminating the need for handling multiple color channels (e.g.,
red, green, and blue), while still retaining essential image
structure for subsequent processing stages. The conversion from
a color image (with three channels: Red, Green, and Blue) to a
grayscale image involves computing the weighted sum of the
pixel values from each channel. A common formula used for this
conversion is:

(x,y)=0.2989- 1,(x,y) +0.5870- 1,(x,y) +0.1140- 1 ,(x,y) (1)

I gray

This ensures that the green channel, being the most visually
significant for human perception, contributes the most to the
grayscale value. The resulting grayscale image lgray has only a
single intensity value for each pixel, simplifying subsequent
processing steps.

3.1.2 Frame Normalization:

After the video frames are converted to grayscale, they
undergo normalization. Normalization ensures that the pixel
values of the frame are scaled to a standard range, typically
between 0 and 1 or 0 and 255, depending on the subsequent
processing requirements. This is an essential step, as it removes
any inconsistencies in pixel intensity that may arise from different
lighting conditions or video sources. Normalization is performed
using the following equation:
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I _ Igray(x’ y)_min(lgray)
rom (X,¥) = max(l ) —min(l

O]

gray gray )

By applying this formula, the pixel values of the grayscale
image are scaled between 0 and 1, making the frame uniform for
subsequent stages of the processing pipeline. This step is critical
when using deep learning-based models such as the ANN for
noise detection, as neural networks perform better with data that
is standardized and falls within a specific numerical range.

3.2 NOISE DETECTION AND REMOVAL

The Noise Detection and Removal step is crucial in ensuring
that the video stream remains free from unwanted disturbances
like noise, which can severely degrade the visual quality. This
process utilizes a Deep Atrtificial Neural Network (Deep ANN)
for detecting and classifying the noise present in each video
frame, followed by noise removal using a Convolutional
Denoising Autoencoder. This two-pronged approach ensures that
only the necessary image features are retained while unwanted
noise is eliminated.

3.2.1 Noise Detection with Deep ANN:

The first task in the Noise Detection phase is to identify the
presence and type of noise in each frame. Deep learning,
particularly Convolutional Neural Networks (CNNs), has been
proven effective for such tasks due to its ability to learn
hierarchical feature representations from input data. The Deep
ANN s trained to distinguish between real image content and
noise. The network processes the normalized grayscale video
frames and identifies patterns that correspond to various noise
types such as Gaussian noise, Salt-and-Pepper noise, or Speckle
noise. The network is trained using labeled data where noisy
images and their corresponding clean versions are provided. The
model learns to map noisy frames to a probability distribution of
noise classes. Mathematically, the process of detecting noise in a
frame lnorm Can be represented as:

P(noise| 1 ,..) = ANN(I 3)

The output of this model gives a classification of the type of
noise (if any), which helps in determining the appropriate removal
method. If noise is detected with high probability, the system
proceeds to the next step of noise removal.

3.2.2. Noise Removal Using Convolutional Denoising
Autoencoder

Once the noise is detected, the next phase is to remove it from
the image while preserving important features. This is achieved
using a Convolutional Denoising Autoencoder (CDAE), a
specialized type of autoencoder that is well-suited for image
denoising tasks. The Denoising Autoencoder works by learning
to map noisy inputs to their clean versions through an encoding-
decoding process. It consists of two main parts: the encoder,
which compresses the input image into a latent space
representation, and the decoder, which reconstructs the image
back from the latent space. The autoencoder is trained with pairs
of noisy and clean images, learning to recover clean images from
their noisy counterparts. Given a noisy image Inise, the denoising
process can be mathematically expressed as:

A

norm norm )

= Decoder (Encoder (1)) (4)

clean
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During training, the autoencoder learns to minimize the

A

difference between the clean image lciean and the output 1., by

minimizing the reconstruction loss, typically the Mean Squared

Error (MSE):
13 ~ 2
Lrecon = Wzl (Iclean (Xi ) - Iclean (Xi )) (5)

im
The denoising process involves passing the noisy input image
through the encoder to obtain a latent representation, and then
using the decoder to reconstruct the image with reduced noise.
This process effectively removes the noise components from the
image while preserving the underlying image structure, such as
edges and textures.

3.2.2 Combined Noise Detection and Removal Process
The overall process works as follows:

* Noise Detection: The Deep ANN model predicts the
presence and type of noise in the input frame lnorm.

* Noise Removal: If noise is detected, the Convolutional
Denoising Autoencoder is employed to clean the frame,

A

resulting in a noise-free version |

clean *

This dual-step approach ensures that each video frame
undergoes intelligent noise detection and targeted removal, which
is particularly effective for real-time video processing in
environments with varying noise levels. The combination of deep
learning-based noise detection and convolutional denoising
autoencoders allows for significant improvements in video
quality, enabling clearer, more accurate video streams for
multimedia applications.

3.3 CONTRAST ENHANCEMENT AND POST-
PROCESSING

The Contrast Enhancement and Post-Processing step is
designed to improve the visibility and overall quality of the video
frames by enhancing the contrast and performing final
refinements to the processed video. This step involves two main
sub-processes: Contrast Enhancement using Adaptive Histogram
Equalization (AHE) and Post-Processing, which ensures the
output video is free from any residual artifacts or imperfections
introduced during previous stages. This phase aims to optimize
the visual appearance of the video, making it more suitable for
multimedia streaming applications.

3.3.1 Contrast Enhancement using Adaptive Histogram
Equalization (AHE):

Contrast enhancement is essential for improving the visibility
of details, especially in low-contrast or poorly lit regions of an
image or video frame. AHE is a widely used method for local
contrast enhancement, which operates by applying histogram
equalization to small regions (called tiles) of the image, instead of
globally over the entire image. This approach addresses the
problem of uniform contrast enhancement that may degrade
important details in certain regions. In the AHE method, each
image is divided into smaller, non-overlapping tiles. The
histogram of pixel intensities within each tile is equalized, and
then the tiles are blended together to produce a unified enhanced
output. To ensure smooth transitions between tiles and avoid
boundary artifacts, bilinear interpolation or splining techniques
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are often used. Mathematically, the process of contrast
enhancement using AHE can be broken down into the following
steps:

* Histogram Equalization: For a given tile T with pixel
values IT(xy), the local histogram HT is computed. The
cumulative distribution function (CDF) of this histogram is
then calculated and used to map the original intensity values
to new values that span the full intensity range, improving
the local contrast.

For the new intensity value
equalization is:

17 (xy)

IT'(x,y) after histogram

_ CDF(I; (x,y)) —min(CDF(l, ))
~ max(CDF(I,)) -~ min(CDF(l, )

 Tile Blending: After enhancing each tile, the tiles are
seamlessly blended together to form the final enhanced
image. To ensure there are no visible seams at the tile
boundaries, techniques like bilinear interpolation are
applied. This blending step ensures a smooth transition from
one tile to another and avoids harsh transitions that could
lead to visible artifacts. The blended pixel value I, (X,y)

for each pixel after combining tiles can be expressed as:

L (X, Y) = iwi 1 (%)

(L-1)

(6)

()

By applying AHE, local contrast is enhanced in dark or bright
regions, ensuring that important image features are more
distinguishable across the entire frame.

3.3.2 Post-Processing:

After contrast enhancement, post-processing is used to further
refine the image quality by eliminating any residual noise or
artifacts that may have been introduced during earlier processing
stages (e.g., noise removal and contrast enhancement). This phase
may involve several operations such as smoothing, edge
enhancement, or sharpening, depending on the specific
requirements of the application. In post-processing, one common
technique is Gaussian smoothing, which is applied to reduce any
high-frequency noise or graininess that may have appeared after
the contrast enhancement step. This is achieved by convolving the
image with a Gaussian kernel G of size kxk, which results in the
smoothed output image 1 ... (X,y):

k/2 k/2

Ismomh (X, y):-,z Z Ifinal(x+i!y+ J)G(|1 J) (8)
.- 1 P2+ j?
G(I’ J) = 2”0_2 exp(_ 202 ] (9)

Additionally, edge enhancement may be applied to enhance
the sharpness and clarity of edges within the video frame. This is
typically done by subtracting the smoothed image from the
original or enhanced image, which highlights the high-frequency
components (i.e., edges):

Iedge (X’ y) = Ifinal (X, y) - Ismooth (Xv y)

The final processed image Ipost(X,y) is obtained by adding the
edge-enhanced components back to the smoothed image:

Ipost (X’ y) = Ismooth (X' y) to- Iedge (X, y)

(10)

(11)
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4. RESULTS AND DISCUSSION

To evaluate the performance of the proposed Enhanced
Adaptive Image Filtering and Enhancement (Deep ANN + AHE)
framework, a comprehensive experimental setup was conducted
using Python-based simulation tools. The tool used for
implementation was TensorFlow, a popular deep learning
framework, combined with OpenCV for image and video
processing. The experiments were performed on a high-
performance computing system with the following specifications:

* Processor: Intel Core i9-12900K (16 cores, 3.2 GHz)
* RAM: 64GB DDR4
 Operating System: Ubuntu 20.04 LTS

For comparison, six existing image enhancement and filtering
techniques were selected, based on their relevance and popularity
in video processing tasks. These methods include:

» Gaussian Filter (GF): A simple low-pass filter used for
noise reduction.

* Median Filter (MF): A non-linear filter that preserves
edges while reducing noise.

« Bilateral Filter (BF): An edge-preserving filter known for
its effectiveness in smoothing images while maintaining
sharp edges.

« Traditional Histogram Equalization (HE): A method for
improving image contrast by redistributing intensity values.

» Adaptive Histogram Equalization (AHE): An enhanced
version of HE, offering better contrast adjustments in
different image regions.

» Convolutional Neural Networks (CNNs): A deep
learning-based method used for image denoising and
enhancement in static images, extended to video sequences.

The experiments evaluated these methods on real-time video
streams with varying noise levels and lighting conditions,
focusing on performance metrics such as Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity Index Measure (SSIM), and
Mean Squared Error (MSE), among others. The proposed
algorithm's performance was evaluated using a set of well-defined
parameters. These parameters were adjusted to test the algorithm's
adaptability to different types of noise and video environments.
The Table.1 summarizing the experimental setup and the key
parameters used for the proposed method:

Table.1. Experimental Setup/Parameters

Parameter Value/Range
Batch Size 16
Epochs 50
Learning Rate 0.001
Optimizer Adam
Filter Size (AHE) 5x5
Noise Type Gaussian, Salt-and-Pepper
Noise Level 0.05 (Gaussian), 0.1 (Salt-and-Pepper)
Frame Rate 30 fps
Video Resolution 1920x1080
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4.1 PERFORMANCE METRICS

The proposed algorithm’s effectiveness was evaluated using
key performance metrics, as detailed below:

« Peak Signal-to-Noise Ratio (PSNR): PSNR is a measure of
the peak error between the original and filtered images,
representing the visual quality. Higher values of PSNR
indicate better performance, as they suggest minimal error
in the enhancement process.

(12)

2
PSNR =10-log,, [ MAX, J

MSE

where MAX; is the maximum possible pixel value and MSE is the
Mean Squared Error.

» Structural Similarity Index Measure (SSIM): SSIM
quantifies the perceptual similarity between two images,
accounting for luminance, contrast, and structure. A value
closer to 1 indicates that the processed image closely
matches the original in terms of quality.

(2p p, +¢)(20,, +¢,)
(1 + 415 +6)(07 + 07 +¢,)
where pu - mean, o - standard deviation, and oy, - covariance.

» Mean Squared Error (MSE): MSE is the average squared
difference between the original and filtered images. Lower
values of MSE indicate better performance, with a perfect
match resulting in an MSE of 0.

13 2
MSE =—> (I, -K;)
N 3

SSIM (x,y) = (13)

(14)

where I; and K; represent the pixel values of the original and
filtered images, respectively.

* Processing Speed (Frames Per Second, FPS): FPS
measures how fast the algorithm processes the video. Higher
FPS values are crucial for real-time video applications. An
FPS closer to 30 indicates the system can handle real-time
streaming.

* Memory Usage: Memory usage refers to the amount of
system memory required for processing the video frames.
Efficient memory usage is critical for real-time performance,
especially on systems with limited resources.

* Visual Perception Quality: This is an objective metric
derived from human evaluation, measuring how visually
acceptable the enhanced video is. It typically involves
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ratings based on a Likert scale, where higher values reflect
better visual quality.

The Table.2 compares the performance of the proposed
method with existing methods across different performance
metrics: PSNR, SSIM, MSE, PS, MU, and VPQ for the training,
testing, and validation datasets. The PSNR (Peak Signal-to-Noise
Ratio) is consistently higher for the proposed method across all
sets, indicating better image quality with fewer distortions
compared to existing methods like GF, MF, BF, HE, AHE, and
CNN. The proposed method achieves a PSNR of 34.50 on the
training set, 33.20 on the test set, and 33.80 on the validation set,
which are notably higher than other methods, reflecting superior
noise suppression and image preservation during enhancement.
The SSIM (Structural Similarity Index) also shows significant
improvement in the proposed method, with values of 0.890
(train), 0.870 (test), and 0.880 (validation), indicating better
preservation of structural details and texture compared to other
methods. The MSE (Mean Squared Error) is lower in the proposed
method, with values 22.15 (train), 24.55 (test), and 24.30
(validation), signifying lower error levels and better accuracy in
the reconstructed video frames. Other metrics like PS, MU, and
VPQ further confirm the superiority of the proposed method in
preserving visual quality, minimizing artifacts, and maintaining
visual perceptibility. These improvements suggest that the
proposed method enhances video quality more effectively,
making it a strong candidate for multimedia video streaming
applications.

5. CONCLUSION

The proposed Enhanced Adaptive Image Filtering and
Enhancement (Deep ANN + AHE) method shows substantial
improvements in video quality enhancement over existing
methods. The experimental results show that the proposed method
outperforms traditional techniques, including GF, MF, BF, HE,
AHE, and CNN, across key performance metrics such as PSNR,
SSIM, MSE, PS, MU, and VPQ. Specifically, the proposed
method achieves higher PSNR and SSIM values, indicating
superior image quality and structural preservation. Additionally,
it maintains lower MSE, which highlights its effectiveness in
reducing distortion and error during the enhancement process.
The results also show significant gains in PS, MU, and VPQ,
further emphasizing the robustness of the method in enhancing
perceptual quality and visual clarity, making it ideal for
multimedia video streaming applications.

Table.2. Performance Comparison Between Existing Methods and Proposed Method

Method PSNR SSIM MSE PS MU VPQ
Train| Test [Valid|Train| Test |Valid|Train| Test |Valid| Train|Test|Valid|Train|Test|Valid| Train|Test|Valid
GF |28.45|27.92|28.12|0.810(0.785|0.799|35.42(37.12(36.78| 0.59 |0.55| 0.57 | 2.21 {2.30| 2.25 | 0.85 |0.87| 0.86
MF  [29.20{28.50{28.85|0.830(0.805|0.815|33.2134.88|34.56| 0.60 |0.58| 0.59 | 2.35 |2.43| 2.40 | 0.88 |0.89| 0.88
BF |30.00(29.10|29.45|0.845|0.820/0.825|30.15(32.12|31.98| 0.61 |0.59| 0.60 | 2.40 |{2.50| 2.45 | 0.90 |0.91| 0.90
HE |31.20|30.00{30.40{0.860{0.840(0.845|28.30(30.25|30.10| 0.62 {0.60| 0.61 | 2.55 |2.65| 2.60 | 0.92 |0.93| 0.92
AHE [32.50(31.10{31.85(0.870(0.850(0.860|26.18|28.60|28.45| 0.64 |0.62| 0.63 | 2.70 |2.80| 2.75 | 0.93 |0.94| 0.93
CNN |33.20|32.50|32.90{0.880(0.860|0.870|24.45|26.25(26.10| 0.66 |0.64| 0.65 | 2.85 |2.95| 2.90 | 0.94 |0.95| 0.94
Proposed|34.50(33.20{33.80(0.890(0.870(0.880|22.15|24.55|24.30| 0.68 |0.66| 0.67 | 2.95 |3.05| 3.00 | 0.95 [0.96| 0.95
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This work contributes a novel approach that integrates Deep
ANN and Adaptive Histogram Equalization to effectively handle
noise detection, removal, and contrast enhancement, producing
high-quality output for real-time video processing. Given its
effectiveness in improving video quality and reducing
computational complexity, the proposed method is well-suited for
practical implementation in a variety of multimedia and streaming
applications, offering significant advancements in both quality
and performance.

REFERENCES

[1] S. Wang, J. Yang and S. Bi, “Adaptive Video Streaming in
Multi-Tier Computing Networks: Joint Edge Transcoding
and Client Enhancement”, IEEE Transactions on Mobile
Computing, Vol. 23, No. 4, pp. 2657-2670, 2023.

Y. Zhang and X. Hou, “Application of Video Image
Processing in Sports Action Recognition based on Particle
Swarm Optimization Algorithm”, Preventive Medicine, Vol.
173, pp. 1-6, 2023.

Z.Tu, Y. Liu, Y. Zhang, Q. Mu and J. Yuan, “DTCM: Joint
Optimization of Dark Enhancement and Action Recognition
in Videos”, IEEE Transactions on Image Processing, Vol.
32, pp. 3507-3520, 2023.

V.V. Menon, R. Farahani, P.T. Rajendran, S. Afzal, K.
Schoeffmann and C. Timmerer, “Energy-Efficient Multi-
Codec Bitrate-Ladder Estimation for Adaptive Video
Streaming”, Proceedings of International Conference on
Visual Communications and Image Processing, pp. 1-5,
2023.

M. Darwich, K. Khalil, Y. Ismail and M. Bayoumi,
“Enhancing Cloud-based Video Streaming Efficiency using
Neural Networks”, Proceedings of International Conference
on Omni-Layer Intelligent Systems, pp. 1-5, 2023.

(2]

(3]

[4]

(5]

3468

[6] P.Zhou, L. Wang, Z. Liu, Y. Hao, P. Hui, S. Tarkoma and
J. Kangasharju, “A Survey on Generative Al and LLM for
Video Generation, Understanding and Streaming”,
Proceedings of International Conference on Visual
Communications and Image Processing, pp. 1-16, 2024.
R.B. Benisha, “An Efficient Sheep Flock Optimization-
based Hybrid Deep RaNN for Secure and Enhanced Video
Transmission  Quality”, Neural =~ Computing and
Applications, Vol. 35, No. 11, pp. 8065-8080, 2023.

J. Ascenso, E. Alshina and T. Ebrahimi, “The JPEG Al
Standard: Providing Efficient Human and Machine Visual
Data Consumption”, IEEE Multimedia, Vol. 30, No. 1, pp.
100-111, 2023.

Y. Pu, X. Wu, L. Yang and S. Wang, “Learning Prompt-
Enhanced Context Features for Weakly-Supervised Video
Anomaly Detection”, IEEE Transactions on Image
Processing, Vol. 33, pp. 4923-4936, 2024.

V.V. Menon, S. Afzal, P.T. Rajendran, K. Schoeffmann, R.
Prodan and C. Timmerer, “Content-Adaptive Variable
Framerate Encoding Scheme for Green Live Streaming”,
Proceedings of International Conference on Visual
Communications and Image Processing, pp. 1-7, 2023.
A.K. Venkataramanan, C. Stejerean, |. Katsavounidis and
A.C. Bovik, “One Transform to Compute Them All:
Efficient Fusion-based Full-Reference Video Quality
Assessment”, IEEE Transactions on Image Processing, pp.
1-7,2023.

S. Chakraverti, P. Agarwal, H.S. Pattanayak, S.P.S.
Chauhan, A.K. Chakraverti and M. Kumar, “De-Noising the
Image using DBST-LCM-CLAHE: A Deep Learning
Approach”, Multimedia Tools and Applications, Vol. 83,
No. 4, pp. 11017-11042, 2024,

W. Li, G. Wu, W. Wang, P. Ren and X. Liu, “Fastllve: Real-
Time Low-Light Video Enhancement with Intensity-Aware
Look-Up Table”, Proceedings of International Conference
on Multimedia, pp. 8134-8144, 2023.

[7]

(8]

(9]

[10]

[11]

[12]

[13]



