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Enhancing compressed visual content remains challenging due to visual degradation, motion distortions, and poor 
temporal coherence. Existing methods often fail to balance detail preservation with accurate motion estimation, especially 
under high compression or motion. To address this, we introduce the Faster-Recurrent Neural Network-Swarm Intelligence 
Metaheuristic of the CT Optimisation Algorithm (F-RNN-SIMCT), a novel method combining a fast recurrent neural 
network with swarm intelligence inspired by coyotes and tuna fish. This hybrid approach optimises motion estimation and 
preserves spatial-temporal details under harsh compression. F-RNN-SIMCT leverages advanced feature extraction and 
metaheuristic optimisation to improve motion accuracy and perceptual quality. Experiments show it outperforms standard 
methods, making it suitable for video transmission and storage in bandwidth-limited environments. 
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1 Introduction 
Video content now dominates global web traffic, 

mainly due to widespread mobile device usage for 
work and entertainment1,2. With the rise of high-
resolution formats like 4K UHD and VR 360, 
efficient video compression is more critical than ever. 
Traditional codecs such as VP9, H.264, and H.265 
have performed well but are designedprimarily for 
human perception3-5. As deep learning applications 
grow, these manually engineered codecs require 
optimisation for machine-specific tasks. Recent 
advances use deep neural networks (DNNs), 
especially auto encoders, to improve compression 
efficiency and representation6-8. While image 
compression focuses on spatial redundancy, video 
compression must also capture temporal patterns. 
Replacing conventional block-based motion 
prediction with learned models is key to deep 
learning-based video optimisation9,10. 

Despite advances in video forecasting using self-
attention and GANs, video compression remains 
challenging11. Current approaches often integrate key 
features or reuse segments via deep neural networks 
(DNNs), especially auto encoderlike architectures that 
map frames to latent spaces12,13. However, many 
video encryption methods are computationally 

expensive, particularly in motion detection,the 
most demanding part of video encoding. To address 
this, we propose a more efficient solution that 
reduces computational complexity while enhancing 
compression artefact removal14-16. Our approach uses 
a non-local ConvLSTM model to extract spatio-
temporal features from surrounding frames, 
improving motion estimation and visual quality17-18. 

To accelerate the non-local module, we propose an 
efficient approximation method for computing inter-
frame pixel wise similarity, avoiding the limitations 
of traditional combinatorial optimisation, such as poor 
boundaries from fine quantisation. Given the 
sensitivity of video content, ranging from financial 
and medical data to military intelligence, securing 
compressed video is essential19-21. Our research 
introduces a motion estimation solution using 
F-RNN-SIMCT to enhance compression quality and
security. Key contributions include:
i A filtering method for noise removal during 

preprocessing to improve image and video 
quality. 

ii An optimised feature extraction technique using 
Coyote and Tuna Swarm Optimisation, enabling 
more effective segmentation. 

The structure of the paper consists of a review 
of the literature, the suggested approach in Section 3, 
the findings and discussion in Section 4, and a 
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conclusion with recommendations for further work in 
Section 5. 

2  Material 
Learning based video compression has gained 

increasing attention22. Earlier hybrid coding 
methods focused on removing spatial and temporal 
redundancies in pixel space but faced limitations in 
motion estimation and compensation. Field-Coding 
Video Networks (FCV) were introduced to address 
this, simulating all key compression steps: motion 
estimation, compression, compensation, and residual 
encoding within feature space using auto encoder-
based architectures. However, improving coding 
efficiency within traditional hybrid frameworks 
remains challenging23-24. 

Deep convolutional neural networks (CNNs) have 
shown great success in AI and signal processing, 
offering potential for video/image compression25,26. 
While traditional methods use predictive coding for 
residuals and motion27, some combine conventional 
architectures with CNNs for compression 
frameworks28, including learning-based motion 
estimation29. However, these often lack integrated 
motion complexity and global adaptability. 
Techniques like adaptive thresholding and Huffman 
encoding improve performance30,31, but lack end-to-
end optimisation for motion adaptability. Even 
RaFC32 focuses on stream resolution without unified 
spatio-temporal modelling. 

We propose a deep video compression model 
integrating motion estimation, compensation, and 
residual processing to overcome these limitations. 
Using LIGAN-CFNet, we combine GAN-based 
perceptual learning with Conv-LSTM temporal 
modelling, enhancing latent representation and 
compression fidelity while improving joint 
optimisation and spatio-temporal consistency, 
aligning with our goal of better compression across 
motion dynamics and content types.  

2.1 Proposed Loss-Initialised Generative Adversarial 
Network with Convolutional Long Short-Term Memory 
and Cross Fusion Network 

This framework outlines an image detection 
approach using advanced deep learning techniques. 
As shown in Fig. 1 the process begins with Input 
Data, which undergoes Data Pre-processing to 
enhance quality via noise removal (filtering) and 
value scaling (normalisation). Next, the Feature 
Extraction module employs cutting-edge architectures 
to derive high-level representations from the 

processed data. The models utilised here are 
Swim Transformer, RAFT (Recurrent All-Pairs Field 
Transforms), ConvNeXt, FPN (Feature Pyramid 
Networks), and Vision Transformers.  

Each one of them serves a different purpose. Swim 
and Vision Transformers offer strong attention 
mechanisms, RAFT is excellent at flow estimation, 
ConvNeXt is a vision-specialised convolutional 
model, and FPN is excellent at multi-scale feature 
learning. The extracted features are optimised using a 
deep learning RNN for efficient sequential/ 
hierarchical learning, enhancing detection accuracy 
and decision boundaries. The final output is a high-
precision detected image with identified objects or 
regions of interest. 

2.1.1 Feature Extraction Techniques: 
Feature Extraction leverages Swim Transformer, 

RAFT, ConvNeXt, FPN, and Vision Transformers to 
enhance video streaming, surveillance, and AR/VR. 
These models optimise visual quality and realism 
across applications. 

2.1.2  Swin Transformer: 
Swin Transformer splits images into non-

overlapping local windows, computing multi-head 
self-attention (W-MSA) within each. It alternates 
between regular and shifted window configurations 
(SW-MSA) across layers to improve cross-window 
connections while maintaining efficiency. Each Swin 
Transformer block comprises layer normalisation, 
window-based MSA (W-MSA or SW-MSA), and a 
two-layer MLP. This design balances global 
modelling and computational efficiency. The 
following is a representation of the sequential Swin 
Transformer block process: 

 1 1ˆ i ip W MSA LN p p     
 

    … (1) 

Fig. 1 — Proposed Methodology 



INDIAN J PURE APPL PHYS, VOL. 63, NOVEMBER 2025 996

 ˆ ˆi ip MLP LN p p   
 

    … (2) 

  1ˆ i i ip SW MSA LN p p        … (3) 

 1 1 1ˆ ˆi i ip MLP LN p p     
 

     … (4) 

where ˆ ip  and ip Represent the output features of
the W-MSA and the MLP module, respectively, for 

block l, 1ˆ ip   and for a block 1i , 1ip  Stands for
the output characteristics of the MLP module and 
SW-MSA modules' output characteristics, respectively. 

2.1.3  Recurrent All-Pairs Field Transform (RAFT) 
This architecture uses RAFT to analyse tissue 

displacement between ultrasound frames, a previously 
unaddressed challenge. Correlation Volume: 
Computes inner products of features from two 
identical CNNs processing pre-/post-displacement 
frames. Iterative Refinement: Initialises zero 
displacement and uses a gated recurrent unit to update 
estimates iteratively. Update Block Input: Combines: 
Context features (from Frame 1), Correlation features 
(sampled from volume), Current displacement 
estimates. 

2.1.4  ConvNeXt 
The enhanced ConvNeXt architecture modifies 

stage compute ratios, activation functions, and 
topology to surpass Swin Transformer and upgrade 
ResNet. Key innovations: Depth-wise separable 
convolution reduces parameters/computation vs 
ResNet's standard convolutions. Inverted bottleneck 
structure improves accuracy while maintaining 
efficiency. 

2.1.5 Feature Pyramid Network (FPN) 
Builds multi-scale feature pyramids using CNNs to 

detect small objects better while maintaining 
efficiency. By creating hierarchical features with rich 
semantics at different scales, FPN improves detection 
of fine details without significantly increasing 
computation or memory usage. The pyramid's 
multiple levels capture both object details and 
contextual information. 

2.1.6  Vision Transformers 
Vision Transformers represent the interactions 

between adjacent and far-off pixels to function 
according to the attention process.The input picture is 
initially segmented into tiny portions for attention-

based activities. Like a convolutional layer with a 
kernel, this procedure yields a 4D matrix with batch 
indexing and three additional dimensions: row, 

column, and depth.The image h w c   is therefore

transformed into 
2n c    where h  and w

Represent the width and height of the picture, and c
about the quantity of channels. However, n stands for 
the number of patches, which is determined as, 

2
h w

n





    … (5) 

Finally, the above-described features are fused as 
final feature extraction, which is concatenated, and 
then the final feature vector is obtained. FE  Fed to 
the model, which is used to classify for further 
processing. 

2.2 Proposed Faster Recurrent Neural Network for Object 
Enhancement 

The Faster R-CNN architecture is the foundation 
for the proposed two-stage object detection system. 
The following sections cover the framework's 
components in more detail, while Fig. 2 provides an 
overview. 

2.2.1  Backbone 
ResNet is the foundational feature extractor, using 

skip connections to avoid vanishing gradients and 

Fig. 2 — The proposed object detection framework 
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accuracy degradation in deep networks. These 
residual blocks in Fig. 3 enable efficient feature map 
generation for subsequent processing modules. 

2.2.2  Disentangled Head 
Processes multi-level backbone features through 

sequential attention modules (spatial, scale, and task-
aware), illustrated in Fig. 3. Scale-aware: Hard 
sigmoid output × input tensor, Spatial aware: Applies 
deform_conv2d to sigmoid outputs with offsets. 
The starting values    1, 1, 2, 2 1, 0, 0, 0     are 

concatenated with the normalised data in task-aware 
attention to determine the maximum between the 
piecewise functions involved 1, 1, 2, 2    , and the 
tensor. After processing the incoming video frames, 
they serve as target and support frames in the 
aggregation head for the disentanglement head. Let

G F EA J   , where F I M   Is the height and 

breadth, and EIs the number of channels, which is a
feature tensor from G Levels of a feature pyramid. 
Equation (6) illustrates how attention is applied 
generally. 

  ,Attention a b c c     … (6) 

Applying the produced attention  b c  to the input

c is denoted by the expression   ,a b c c . It would

be computationally costly to apply the attention 
function in all dimensions. Instead, the 
disentanglement network is computationally efficient 
as it divides into three consecutive attentions used 
separately and independently, as indicated by 
Equation (7). 

     . . .E F GM A A A A A       … (7) 

where A represents the backbone network's spatial

frame attributes and, G , , ,G F Eand   , denotes

the scale, spatial, and channel-wise attention modules, 
correspondingly. When applied to the level 

dimension, scale-aware attention G  Highlights the

objects' different scales and dynamically combines the 
characteristics according to their semantic 
significance. Applied to the fused characteristics of 
scale-awareattention, on the dimension F spatially 
aware attention is usedto concentrate on the positions 

of the items. Task-aware attention E It is applied to

the feature channels by dynamically activating and 
deactivating them to favour specific activities. 

2.2.3 Region Proposal Network 
The Region Proposal Network (RPN) is a 

convolutional neural network that can do regression 
and classification. While the regressor is employed to 
ascertain the object's coordinates in the proposal, the 
classifier assesses if the proposal contains the item. 
The input image is initially covered with anchors of 
various sizes and scales, and the RPN then assesses if 
the anchor includes an item. Multiple criteria filter out 
anchors with low Intersection over Union (IoU); the 
remaining high-quality anchors go to the following 
stage for further processing. 

2.2.4 Aggregation Head 
In this design, the head handles task-specific 

outputs like a mask or bounding box prediction. We 
utilise Temporal RoI Align as the ROI extractor and 
the Sequence-Level Semantics Aggregation (SELSA) 
module as the Region of Interest (RoI) head for 
video object recognition. Instead of depending only 
on nearby frames, the SELSA module aims to 
leverage characteristics from every frame in a 
movie efficiently. More robust and descriptive 
characteristics are produced as a result of this method. 
To function, SELSA first extracts characteristics from 
every frame. After that, it calculates how similar these 
qualities are semantically and groups them according 
to those similarities. This procedure uses global 
temporal context to improve object recognition 
efficiency significantly. On the other hand, 
Traditional ROI Align merely collects features from 
the feature map of the current frame, which is devoid 
of temporal information. This restriction is 
overcome by Temporal RoI Align, which combines 
characteristics from many frames. The first step is to 
extract ROI features from the feature map of the Fig. 3 — A single ResNet residual block 
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target frame. From the feature maps of supporting 
frames, it then determines the K most comparable 
spots for every proposal. Accordingly, these 
comparable ROI characteristics are retrieved. Lastly, 
temporal attention across frames is carried out by 
Temporal Attentional Feature Aggregation, which is 
composed of N attention blocks. The model's capacity 
to reliably identify objects across video frames 
is further enhanced by this stage, which generates 
temporally-aware ROI features. These are then 
forwarded to the optimisation layer for a 
better optimal solution for accurate detection, as 
described below. 

2.3 Coyote Optimisation and Tuna Swarm Optimisation 
Algorithm 

Meta-heuristic optimisation algorithms have been 
developed based on natural principles. However, a 
tiny subset of these procedures is termed swarm 
intelligence, or SI, and they address the action of a 
population of heterogeneous users who interact based 
on pre-programmed rules, such as the group 
movements of fish, birds, or insects. The information 
passed between parties and throughout the process 
makes most SI-based algorithms highly efficient. 
As a metaheuristic feature extraction technique, 
this research presents the Swarm Intelligence 
Metaheuristic of the CT Optimisation Algorithm 
(SIMCT). Coyote and tuna swarm optimisation have 
been integrated to show a distinct optimisation 
strategy for choosing vital variables to boost 
classification accuracy. 

The Tuna Swarm optimisation technique and 
Coyote optimisation: The coyote’s𝐶௢,position𝑃௢, 
and 𝑖௠௔௫there inputs used by SIMCT. Social 
Condition (soc), which is generated uniformly at 
random in the search space using a swarm-based 
metaheuristic, and the initial population of coyotes 
and tuna, respectively (c and PN), are used by SIMCT 
to begin optimisation. 

𝑋௜
௜௡௧=𝑟𝑎𝑛𝑑. ሺ𝑢𝑏 െ 𝐼𝑏ሻ ൅ 𝐼𝑏 i=1, 2…….PN 

    … (8) 

The top and bottom search area bounds are denoted 
by 𝑢 ௕PN indicates tuna populations, and rand is a 
random vector with a range of 0 to 1 evenly 
distributed. The Coyote then adjusts to similar social 
circumstances. The packs are randomly allocated to 
Coyote's fitness calculation using the free parameters 
x and y. 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠௦௢௖ = fitness (𝑋௜
௜௡௧)      ... (9) 

Next, using spiral searching, the 𝑇௕௘௦௧ Is 
determined. When the tuna begins chasing its victim, 
it occurs. A school of fish uses its senses to move in a 
specific direction. They impart the information to one 
another. The spiral that envelops the prey is created as 
a result. Similarly, the spiral foraging approach 
formula uses weight to identify the best image 
characteristics. 

𝑋௜
௜ାଵ=ቊ

𝛼
ଵቀ௑್೐ೞ೟

೔ ାఉ.ቚ௑್೐ೞ೟
೔ ି௑೔

೔ቚቁାఈమ.௑೔
೔,௜ୀଵ

𝛼
ଵቀ௑್೐ೞ೟

೔ ାఉ.ቚ௑್೐ೞ೟
೔ ି௑೔

೔ቚቁାఈమ.௑೔
೔,௜ୀଶ,ଷ…..௉ே

 … (10) 

𝛼ଵ=𝑥 ൅ ሺ1 െ 𝑥ሻ.
௜

௜೘ೌೣ
  … (11) 

𝛼ଶୀሺଵି௫ሻିሺଵି௫ሻ.
௜

௜೘ೌೣ
  … (12) 

The coyote pack's weight coefficients and position, 
which are 𝛼ଵ,𝛼ଶAnd forward toward prior and ideal 
individuals, respectively, control individual 
propensity. Whether the movement space is optimum 
and unique depends on the constant x in the 
first phase. Y stands for a randomly distributed 
random integer between 0 and 1. The letters 𝑖 and 
𝑖௠௔௫represent iteration and maximum iteration, 
respectively, as is customary. Consequently, t_best is 
calculated to be the current optimal feature with the 
best solution. Furthermore, it is possible that the 
characteristics of the perfect person may not be 
discovered. We call the random search space 
A_rand^i at this point. Consequently, the following 
equation shows that the ability to search globally is 
improved. 

𝑋௜
௜ାଵ=ቊ

𝛼
ଵቀ௑ೝೌ೙೏

೔ ାఉ.ቚ௑ೝೌ೙೏
೔ ି௑೔

೔ቚቁାఈమ.௑೔
೔,௜ୀଵ

𝛼
ଵቀ௑ೝೌ೙೏

೔ ାఉ.ቚ௑ೝೌ೙೏
೔ ି௑೔

೔ቚቁାఈమ.௑೔
೔,௜ୀଵ,ଶ…௉ே

 … (13) 

After that, the population is examined to see 
whether one repetition equals one. The quantity, 
position, and pack of coyotes are then updated by 
comparing the free parameter of y with a random 
value. The new findings were different, as the 
comparison process showed. If the condition (rand>z) 
is satisfied, the initialisation process changes the 
position. The descriptor rand<0.5 has been added to 

the coyote pack. By meeting the criterion (
௜

௜೘ೌೣ
), The 
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population is updated. The following is how the 
mathematical model represented this update. 

𝑋௜
௜ାଵ=ቊ

𝛼
ଵቀ௑ೝೌ೙೏

೔ ାఉ.ቚ௑ೝೌ೙೏
೔ ି௑೔

೔ቚቁାఈమ.஺೔
೔ ,௜ୀଵ

𝛼
ଵቀ௑ೝೌ೙೏

೔ ାఉ.ቚ௑ೝೌ೙೏
೔ ି௑೔

೔ቚቁାఈమ.஺೔
೔ ,௜ୀଵ,ଶ…௉ே

if rand ൏

௜

௜೘ೌೣ
… (14) 

𝑋௜
௜ାଵ=ቊ

𝛼
ଵቀ௑್೐ೞ೟

೔ ାఉ.ቚ௑್೐ೞ೟
೔ ି௑೔

೔ቚቁାఈమ.௑೔
೔,௜ୀଵ

𝛼
ଵቀ௑್೐ೞ೟

೔ ାఉ.ቚ௑್೐ೞ೟
೔ ି௑೔

೔ቚቁାఈమ.௑೔
೔,௜ୀଶ,ଷ….௉ே

 if rand ൒

௜

௜೘ೌೣ
… (15) 

𝑋௜
௜ାଵ ൌ

ቊ
𝑋௕௘௦௧
௜ ൅ 𝑟𝑎𝑛𝑑. ൫𝑋௕௘௦௧

௜ െ 𝑋௜
௜൯ ൅ 𝑇𝐹.𝑃ଶ. ൫𝑋௕௘௦௧

௜ െ 𝑋௜
௜൯ if rand ൏ 0.5

𝑇𝐹.𝑃ଶ.𝑋௜,
௜  if rand ൒  0.5

 … (16) 
Following the social condition-based updating of 

the coyote pack, the death and birth process may be 
used to investigate the age-related mortality risk for 
coyotes. Similarly, the missing components of DR are 
identified using the estimated coyote age technique. 

Po = ൝
𝑠𝑜𝑐௥ଵ ௥௔௡ௗ ழ௉ோೞ

𝑠𝑜𝑐௥ଶ ௥௔௡ௗ ஹ ௉ோೞ, ௉ோೌ
௢௧௛௘௥௪௜௦௘.

   … (17) 

After the lost feature-finding procedure is finished, 
a second fitness calculation is carried out to improve 
the quality of the feature finding. The population of 
coyotes, the coyote package, and the population 
definitions were then updated due to their evolving 
social situations. Based on social conditions, this new 
update is performed using the alpha and coyote 
packages as shown in the equation below. Meanwhile, 
a new fitness value was also found as 

Best update= soc +𝛼ଵ. 𝑥 +𝛼ଶ.𝑦   … (18) 

Best fit =f (new update)    … (19) 

Finally, the population is evaluated to confirm that 
𝑖 ൐ 𝑖௠௔௫And meet the conditions. This condition has 
been satisfied; the fitness value and optimal feature 
are obtained, or the loop function is started by 
increasing the iteration value. The flow chart may 
be seen in the above Fig. 4. The SIMCT was 
implemented in the study to improve regions with 
smooth content and rich textures to obtain the optimal 
solution. 

3 Results And Discussion 
This section displays the outcomes of the 

FRNN-SIMCT model, performance analysis and a 

comparison with other models to demonstrate its 
effectiveness. 

3.1  Dataset Description 
Seven sophisticated, stationary cameras with 

overlapping fields of vision were used to collect the 
dataset. In particular, four GoPro Hero 3 and three 
GoPro Hero 4 cameras were utilised. The data was 
collected in pleasant weather in front of ETH Zurich's 
main building in Switzerland. The scenes were 
captured at 60 frames per second and have a 
1920×1080pixel quality. Their areas of vision mostly 
overlap due to the camera arrangement. As is evident, 
the camera placements are higher than the average 
height of people33. 

3.2   Evaluation Metrics 
3.2.1 Accuracy: The ratio of properly categorised 

samples to all samples in the assessment dataset is 
accurate. This is mathematically represented in 
equation (20), 

Acc
F F

 

   

  

      

   ... (20) 

3.2.2 Precision: Precision is computed by dividing the 
total number of retrieved instances by the number of 
accurate cases. 

pre
F



 



  

 (21) 

Here pre is denoted as precision,   is termed

as a true positive, and F  It is denoted as a false 
positive. 

Fig. 4 — Comparative analysis of accuracy, precision, and recall
metrics 
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3.2.3 F1-score: The F1-score is also known as the F-
measure. The precision and recall weights in the F1 
score can vary depending on the index. 

2
pre rec

Fscr
pre rec


 



(22) 
Here Fscr stands for the F1-score, pre referred to 

as precision, and rec itis stated as a recall. 
3.2.4 Recall: The number of successfully retrieved 

instances divided by the total number of correctly 
recovered instances yields recall. 

rec
F



 



  

   ... (23) 

Here rec  the recall   is represented as a true 

positive and F  It is indicated as a false positive. 

3.3   Comparative Analysis 
The performance analysis of FRNN-SIMCT is 

evaluated using the dataset by varying the training 
percentage, and the results are displayed as follows: 

3.3.1 Comparative analysis of accuracy, precision, and recall 
metrics 

The performance of four models, CNN, LSTM, 
GAN, and the suggested FRNN-SIMCT, is compared 
in Fig. 5 using three performance metrics: accuracy, 
precision, and recall. The FRNN-SIMCT model 
performs better, with a precision of 0.98, a recall of 
0.97, and an F1 score of 0.98. All measures show that 
it outperforms the other models. With an accuracy of 
0.92, precision of 0.91, and recall of 0.91, the CNN 
model comes in second place, while the LSTM model 
has the same results: accuracy of 0.91, precision of 
0.89, and recall of 0.89. The GAN model's accuracy, 

precision, and recall are 0.90, 0.88, and 0.87, 
respectively, the lowest of all the models. The 
research shows the efficacy of the proposed FRNN-
SIMCT model in yielding more accurate, precise, and 
reliable results, validating its superiority in 
classification tasks and making it a more dependable 
option among the models tested. 

3.3.2 Comparative analysis of PSNR and SNR 
Based on PSNR (Peak Signal-to-Noise Ratio) 

and SNR (Signal-to-Noise Ratio), Fig. 6 shows a 
comparison of the performance of four models: CNN, 
LSTM, GAN, and the proposed FRNN-SIMCT. The 
FRNN-SIMCT model has a PSNR value of 0.36 and 
an SNR value of 0.34, which is visibly better than the 
other models. As against this, the LSTM model is 
inferior with PSNR: 0.29 and SNR: 0.27 and the CNN 
model has PSNR: 0.30 and SNR: 0.28. The minimum 
values of 0.28 PSNR and 0.25 SNR are the lowest 
generated by the GAN model. These results reflect the 
higher Denoising and Signal Preservation skills of the 
FRN-SIMCT approach. The improved quality in 
image reconstruction is indicated by increased PSNR 
and SNR values, indicating the robustness and 
superiority of the proposed model compared to 
traditional deep learning methods for signal quality 
improvement applications. 

3.3.3 Comparative analysis of F-measure and compression Ratio 
A global performance analysis of the four models, 

CNN, LSTM, GAN, and the proposed FRNN-
SIMCT, based on F-measure and Compression Ratio, 
is presented in Fig. 7. An F-measure of 0.97 and a 
Compression Ratio of 0.30 indicate that the FRNN-
SIMCT model performs exceptionally well, reflecting 
its accuracy and data compression effectiveness. 
Second, the CNN model has an F-measure of 0.91 and 

Fig. 5 — Comparative analysis of PSNR and SNR 

Fig. 6 — Comparative analysis of F-measure and compression 
Ratio 
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a Compression Ratio of 0.26, while the LSTM model 
has an F-measure of 0.89 and a Compression Ratio of 
0.24, ranking third. Last is the GAN model with an F-
measure of 0.88 and a Compression Ratio 0.21. These 
findings imply that the FRNN-SIMCT version is an 
excellent choice where storage space performance and 
accuracy are most important, because it performs 
adequately in classification and is better in terms of 
compression performance. 

3.3.4 Comparative Analysis of Mean Squared Error 
The MSE of the suggested models (FRN-SIMCT), 

CNN, LSTM, and GAN are compared and shown in 
Fig. 7. With an MSE of 0.0025, the proposed model 
has the smallest error, showing its excellent 
performance in reconstruction and forecasting tasks. 
The LSTM model has a higher error at 0.0090, while 
the CNN model is second with a 0.0070 MSE. The 
GAN model has the poorest accuracy among the four 
models, with the highest MSE value of 0.0120. The 
results distinctly indicate the efficiency of the 
proposed FRN-SIMCT model since the smaller MSE 
values represent optimal model performance. It 
performs much better than conventional deep learning 
methods and is appropriate for those applications that 
demand minimal error. 

4 Conclusion 
The suggested F-RNN-SIMCT successfully 

surpasses vital visual degradation and movement 
distortion problems in severely compressed images 
and videos. Using a rapid, recurring neural network 
and natural behaviour intelligence algorithms, the 
method significantly improves the accuracy of the 
movement estimate and the preservation of details, 
particularly under high-moving conditions. This 
hybrid optimisation model enables the system to be 
dynamically tuned to varied forms of content, 

enhancing the overall perceptual quality of 
compressed visual information. Results of 
experiments affirm that F-RNN-SIMCT achieves 
better performance than traditional approaches 
regarding loyalty and coherence, rendering a 
sustainable solution for applications requiring 
efficient compression without compromising visual 
details. Moreover, the methodology's capability to 
accelerate the motion estimation process without 
compromising accuracy makes it ideal for real-time 
processing in bandwidth-limited environments. This 
work provides valuable insights into integrating deep 
learning and bio-inspired optimisation methods for 
improving compression performance. Future research 
can delve deeper into further optimisation of the 
algorithm, scalability for higher-resolution videos, 
and application to real-world video coding standards 
to maximise bandwidth usage and viewer satisfaction 
in multimedia transmission and storage systems. 
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