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Abstract

Image detection from video stereoscopes plays a critical role in applications such as object recognition, surveillance, and augmented reality. This article presents
an approach that a related method uses to extract unresolved images from a stereoscopic video sequence. Techniques for recognizing durability mimic the visual
attention of humans and allow for the identification of key regions within the framework. With the integrated spatial and temporal saliency models, the method
effectively, separates important image components, while simultaneously reducing the complexity of compensation. The results show that the accuracy in detecting
related image segments made in stereoscopic videos has been improved compared to traditional characteristic-based approaches. Experimental results show that
the combination of saliency methods surpasses traditional property-based and deep learning approaches in relation to accuracy and processing efficiency, making
it a promising solution for real-time applications. This study explores a new approach combining several methods to improve the accuracy of image detection of
stereoscopic video sequences.
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1. Introduction
Stereo-imaging technology achieves great traction in a variety of fields, including computer vision, augmented reality, medical imaging and remote sensing.
The ability to perceive deep information improves the accuracy of scene interpretation and makes stereoscopic video analysis an important element of
modern application. One of the most important challenges in this domain is the effective detection of images from stereoscopic video sequences. This
traditional approach is heavily based on distinctive matching techniques and unequal estimates for extracting relevant image information. However, these
methods are mathematically intense and cannot work well in dynamic or overcrowded environments. Saliency based techniques provide an alternative
solution by using human visual attention models to recognize critical regions within images or video frames. Exterior wall detection visually identifies
salient areas that attract attention and mimics the way the human brain processes visual information. The proposed method is particularly advantageous in
applications that require actual processing such as surveillance systems, autonomous vehicles, augmented reality.
The field of computer vision has documented considerable advances in recent years, focusing on detection and analysis of impressive areas of photograph
s. The process of detecting external data, identifying the most visually impressive and beneficial areas of an image, has become a critical component in a
variety of applications, including video capacity, object detection, and image intake[1]. In the context of video-based stereoscopes, exterior wall detection
plays a critical role in improving the quality and accuracy of depth perception, as the most relevant visual information is prioritized for deep estimation.
Traditional methods for recognizing salience recognition are usually based on the analysis of various visual information such as color, contrast and textures
[2]. The video saliency detection approach is used by creating properties for moving objects. In other words, motion matches general objects in the
recognized area [3]. However, these approaches are often difficult to manage complex scenes where multiple objects or overcrowded backgrounds confuse
the process of estimating pay. To meet this challenge, this paper proposes the use of a combination of saliency methods, which uses the strength of different
algorithms to create a more robust and reliable framework for the detection of saliency. This paper is organized into multiple sections. Section Il defines
the literature review. The proposed methodology is covered in section Il1. Section IV focuses on findings or results while section V provides conclusion
and section VI defines future scope.

2. Literature Review
Many studies on image detection in stereoscopic video were performed using a variety of techniques, including feature based methods and deep
learning models. Traditional feature-based methods such as Scaling invariant feature transformation (SIFT) and Accelerated robust characteristics
have often used for image detection in stereoscopic videos. These techniques are based on identifying key points and matching them on a frame,
and extracting relevant image components. However, they are calculated and fought in complex environments with occlusion and different lighting
conditions. In this section, notable studies have been reviewed. The previous study [4] shows the integration of spatial and temporal features improves
video saliency predictions compared to purely spatial models. This method probable captures dynamic changes in the scene and moves the objects more
effectively. A detailed analysis of CNN based encoder decoder models of neural networks (CNNs) in the context of solid object recognition was done [5].
In this study, the author checked existing solid object detection methods and marked the development and impact of the encoder decoder architecture on
pixel-level density. Deep learning models, particularly convolutional neural networks (CNNs) and vision transformers have shown noticeable success in a
variety of computer vision tasks, including saliency and object detection [6]. The proposed method used image saliency models to work effectively with
video sequences. There was no need to retrain model which significantly reduced the computational costs. The model achieved high accuracy while
maintaining computational efficiency [7]. It contributed in the way to bridge the gap of saliency detection between static image and dynamic video. The
study presented a conditional random field at the super pixel level for detecting RGB-D video saliency. The method segments frames into superpixels. It
refines saliency detection by preserving object boundaries [8]. This study contributes to the promotion of video saliency detection by effectively integrating
deep instruction, superpixel segmentation and CRF modeling. That is, it is particularly useful for robotics, video surveillance, and interactions between
humans and computers. The model improves detection of mobile objects and reduces noise caused by camera movement. Experimental results for public
video datasets show that this method surpasses traditional background subtraction and detection techniques for recognizing the background associated with
accuracy, recall, and F measurements [9]. The study proposed spatial and temporal context versus consciousness network (Scanet) effectively captures both
spatial and temporal contexts, improving superior object detection in dynamic video sequences. This model uses two branches: spatial property extraction
(identifies objects of visual importance in individual frames) and two branches for time learning (tracking travel-based delivery additives via frames) [10].
The previous study presents a vehicle counting method that integrates attention mechanism-based single-shot multibox detector (SSD) with condition
detection to improve accuracy. This approach improves traditional SSDs by focusing on considerable vehicle functionality and by incorporating a careful
mechanism that reduces misperception of complex traffic scenes. Compared to deep learning-based models such as R-CNN speedup, the Attention-SSD
model offers a balance of efficiency and accuracy. This means it is suitable for real-time applications of traffic monitoring and intelligent transport systems
[11]. Human attention mechanisms were introduced that simulate how drivers perceive objects standing in dynamic environments and improve the practical
applicability of autonomous driving and driver aid systems. This model is effective in real-time vehicle recognition and is valuable for advanced driver aid
systems (ADA), traffic surveillance and accident prevention. This study presents an organically inspired approach to physician perception. This greatly
improves the recognition and recognition of critical objects in dynamically driven environments, paving the way for safer and intelligent autonomous
systems [12]. The proposed model uses a cascaded fully convolutional network (FCN) structure, which increases the map of the painting in several phases,
increasingly improving accuracy and robustness in detecting video-fulfilling objects. By using motion instructions and gradually refined explosion
prediction, this approach reduces flickering and inconsistencies between frames, ensuring smooth and consistent object tracking in video sequences [13].
Research shows how text overlays affect viewers' visual attention and perceptions of video quality, and that traditional video quality assessment (VQA)
metrics may not be fully applicable to Danmaku videos. The proposed approach integrates motion, contrast and spatial section functions to assess video
quality and simultaneously minimize the impact of non-critical background regions [14]. The proposed method integrates saliency detection into the video
compression pipeline, ensuring that visually important areas receive higher loyalty, background areas are more aggressively compressed, optimizing bitrate
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allocation. By including saliency information, this approach improves the quality of the recognition video, allowing viewers to experience a clearer, detailed
representation of superior objects in compressed HD video [15]. By selecting reference images based on their importance, this method significantly reduces
the impact of transmission errors and improves error resilience in packet loss networks. The results show that this approach can be effectively applied to
real-time video streaming, long-range communications, and surveillance, where robust video quality is essential despite variations in network conditions
[16]. The proposed model is more efficient and adaptable as it uses self-employed proxy tasks to learn meaningful features without the need for large data
records. The new proxy task aims to train models for detection of geometric structures and visual semantics, improving the ability to identify equipment in
a variety of 360° scenes [17]. The integration of intensity adjustments from saliency maps in the image registration process can significantly improve the
accuracy and reliability of face recognition systems using both thermal and visible images [18]. Anomalous activities are detected using crowded
surveillance environments. To accomplish it generation of hypothesis and verification of framework are used to provide robust solution for real time crowd
anomaly detection [19]. The inclusion of boundary improvement techniques can greatly improve the accuracy and reliability of solid object recognition in
a variety of image processing applications [20]. The goal of good object recognition is to recognize the most obvious things in photographs that distinguish
the viewer's eyes. Convolutional neural networks (CNNS) and other deep learning techniques have been key factors in recent ad vancements in this sector
[21]. Convolutional neural network is used to improve the ability to recognize salient region in image by saliency detection mechanism [22]. By combining
temporal motion information with spatial evaluation of individual frames, the DBTSF-VSOD framework improves detection of outstanding objects in the
video, leading to better detection of objects that attract viewer attention to the video sequence [23]. An innovative model is designed to increase the accuracy
of saliency estimation in video using dual stream encoder-decoder framework and attention mechanism [24]. The work provides a multi-scale fusion model
with several standards that successfully improve the performance of personnel identification systems [25]. By merging temporal and spatial data, this study
provides a comprehensive approach for video attack detection, significantly improving the ability to identify and distinguish superior objects in video
sequences [26]. The ATF-Net model and the ViDSOD-100 dataset provides a solid foundation for future research studies of pre-objects in RGB-D video
[27]. Traditional algorithms for evaluating image quality created for normal photos with solid views cannot effectively manage the special difficulties
presented by immersive characters of 360-degree content. The saliency and depth aware method solves these difficulties [28]. The study indicates better
performance in applications like robotic vision and autonomous driving [29]. The study focusing on Perceivable Encoding artifacts (PEAs) presents a new
method for assessing the quality of compressed videos [30].Previous studies have used techniques like spectral residuals (SR), graph based visual saliency
(GBVYS) and convolutional neural network (CNN). These methods have limited their ability to deal with dynamic situations and complex backgrounds. By
combining some of saliency methodologies, these difficulties can be improved. The objective of this study is to improve the previous results in terms of
accuracy, mean absolute error etc. The results of previously used approaches are shown in table 1.

Method Accuracy Precision | Recall | SSIM PSNR | MAE
Spectral Residual (SR) (Traditional approach) 73% 72% 72% 77 23.9 218
Graph based Visual Saliency 76% 76% 76% 78 25.1 .194
Approach (GBVS)

CNN based approach 78% 77% 78% .81 26.2 .180

Table 1: Results of previous methods

3. Proposed Methodology

This section describes a proposed method for video stereoscopic image detection combining Monocular depth estimation (MIDAS), Visual Geometry
Group (VGG) and Long short-term memory (LSTM) architectures, and saliency techniques. Pretreatment, local region extraction, characteristics
extraction using VGG, learning sequence with LSTM, and depth estimates using MIDAS are the various steps that constitute the proposed methodology.
To improve image identification in video stereoscopic applications, deep learning techniques in these methodologies are combined with various methods
for recognition of durability. Better stereoscopic visualization is possible through the proposed method, ensuring high quality, deep conscious image
recognition. To implement the model TensorFlow, PyTorch etc libraries are used. A system with an NVIDIA GPU (RTX 3090) is used to accelerate
computations. VGG and LSTM are usually combined in deep learning applications, especially in sequential image analysis, where both spatial and
temporal features play a critical role. The combination is especially useful for tasks such as video frame analysis, abnormality recognition, and excellent
image recognition. Midas (Monodepeth-as-a-Service) is a depth estimation model developed by Intel, predicting depth from a single image. In contrast
to traditional stereo or LIDAR-based methods, MIDAS is based solely on monocular information. This is extremely useful for applications that require
depth information without additional sensors. In contrast to Stereo Vision and Lidar, Midas only needs one image to create depth map. It is trained on
several data records, making it effective in a variety of lighting, textures and environments. It can run on edge devices and GPUs, making it suitable for
real-time applications.
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Figure 1: Flow Chart of Proposed Methodology
3.1 Data Collection and Preparation
An image dataset of 500 images [31] are taken. Data records consist of video sequences with various circumstances in which stereoscopic videos can be
created. Preparatory measures include:
Framework Extraction: The process of breaking video sequences in component frameworks.
Normalization: The pixel values are normalized to improve model convergence.
Resizing: The size of each frame is adjusted which is appropriate for processing using VGG and MiDas.
Color Space Conversion: In feature extraction, RGB images are used. Grayscale representations are used by some saliency detection techniques.
3.2 Using Saliency to Extract Regions
Multiple saliency detection techniques are used to improve the identification of prominent visual patches for stereoscopic processing like Spectral
Residual Saliency highlights significant regions by capturing frequency-domain data. Deep Learning-Based Saliency Detection segments important areas
of an image using pre-trained deep models.
Fusion Strategy is used to create a thorough saliency map. The outputs of several saliency detection approaches are integrated using feature fusion or
weighted averaging techniques.
The saliency map S(x,y) is generated by fusing multiple saliency detection methods. If Si(x,y) represents the saliency map obtained from the k' method,
the final saliency map is given by:
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SGy)= § WiSk(X,y)
=

Where wy is the weight assigned to k'™ method.
3.3 The extraction of features using a VGG network
The VGG16 convolutional neural network (CNN) is utilized to extract features from the salient regions that have been detected. Hierarchical features,
like boundaries, textures, and object-level data, are captured by the onvolutional layers. The sequence model for learning uses the retrieved characteristics
as input. Feature maps (F;) at time t is given by following formula:
F= fro6 UsWyee)
Where |, represents input image at time t, Wygg is a pre-trained weights of network and fycg is a function used for VGG network. The vector F; is used
as an input for LSTM network.
3.4 LSTM-Based Sequence Learning
An LSTM network is used to record temporal dependencies between frames. A recurrent LSTM model is given the retrieved VGG features to analyze
sequential patterns. The LSTM model forecasts frame importance and consistency for stereoscopic processing.
At time t, the cell state c;and hidden state h; are computed as follows
S=o(Wil +Up,+by)
i=o(W,F+Uh,+b;)
o=o(W,F+U,h, +b,)
C‘/= tanh(WthJrUchkl*»b(?)
Cr:f, Xetigx ¢
h,=o0,x tanh (c,)
Where f;, i; and o, are forget, input and output gates. W* and U* are weight matrices. b* are bias terms. x denotes element wise multiplication. o (.)
denotes sigmoid activation function.
3.5 Estimation of depth using MiDaS
A modern network of monocular depth estimation, known as MIDAS, is used to estimate depth information from any frame. MIDAS deep cards that ensure
proper parallax and scene depth help to improve your 3D frame selection. External data cards are combined with predicted depth information to improve
3D reconstruction. The depth estimation D(x,y) at pixel (x,y) is calculated by using neural network function fyipas.
D (X,nyMl-Das ([(\-,y);Q)MiDas)
Where Iy is input image and @y;ip,sis set of learned parameters
3.5 Selection and Assessment of stereoscopic images
The best frames are selected using a ranking system that assumes factors such as LSTM prediction, deep consumption, and posture review. Objective
criteria such as Structural Similarity Index (SSIM) and Peak Signal Rash Ratio (PSNR) are used to evaluate selected images. User research is used to
subjectively assess 3D quality.
At time t, the frame selection score S¢(t) for a frame is computed as:
S(D=aS(x)+b||h| |+ IDGey)]
Where a,b,c are weighting coefficients. S(x,y) is saliency score. || h; || is frame score based on LSTM and || D(x,y) || is the measurement of depth
consistency. Frames which have highest S¢(t) score are selected for stereoscopic processing.
4. Result Analysis
This section presents experimental and important results for video stereoscopy image recognition using a combination of estimation procedures, VGG,
LSTM, and depth estimation. The performance of the proposed methodology is assessed.
4.1 Model architecture
A collection of video sequences with a variety of situations, such as interiors, dynamic objects, and landscapes, is used for evaluation. LSTM for
sequential learning, MIDAS for depth estimation, and VGG-16 for distinctive extraction are used. Peak Signal-to-Noise Ration (PSNR) is used to gauge
the fidelity of image. Mean absolute error (MAE) is used for depth accuracy. Selected frames are compared with identified ground truth. Finally method
is compared with traditional saliency-based approach and CNN based approach.
4.2 Model Validation
The following image is taken into consideration.

Figure 1: Image
Figure 2 describes filled polygon which is shown as the ROI on the image.

Figure 2: ROI Image

Four corner points of the polygon is defined and ROI is filled with white color by creating mask which is applied to the image. The masked image is
converted to RGB which is shown in figure 3.
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Figure 3: Detection of Images
Depth map with ROl is shown in figure 4

Depth Map Depth Map with ROI

Figure 4: Depth map with ROI
Finally figure 5 shows depth information for the object region using MiDasS.

B: 384x640 5 cars, 1217.ems
Speed: 4.1ms preprocess, 1217.ems inference, 2.1ms postprocess per image at shape (1, 3, 384, 640)

Figure 5: Depth information on object region
4.3 Experimental results
The proposed hybrid model (combination of VGG, LSTM and MiDaS) shows (93%) accuracy. Lower MAE value (.134) indicates better depth estimation
accuracy. The results is shown in table 2.
Table 2: Display of Accuracy, Precision and Recall

Stats Value
Accuracy 0.93
Precision 0.91
Recall 0.90
SSIM 0.88
PSNR 29.5
MAE 0.134

5. Conclusion

In this article, we proposed a new approach to recognizing photographs in video stereoscopy by combining saliency methods with deep learning models
such as VGG, LSTM and MiDasS. Using VGG for feature extraction, LSTM for sequential learning and MiDaS for deep estimation allows for a more
comprehensive understanding of scene structures, leading to robust image recognition of stereoscopic video. The results show that our approach
surpasses individual method techniques and at the same time maintains a balance of accuracy and computational efficiency compared to CNN-based
approaches. A comparison of previous studies highlights the effectiveness of the hybrid saliency method. The more accuracy (93%) is achieved using
proposed model by integrating several saliency technologies. At the same time it reduces computing efforts. In other words, this approach is suitable for
real-time video stereoscopic applications. Future work can be explored to include further optimization and deep learning elements to improve
adaptability.

6. Future Scope

Future research can focus on optimizing the computational efficiency of the model. It can enable real time processing and is suitable for augmented
reality (AR), virtual reality (VR) and interactive media applications. By implementing self-learning or reinforcement learning techniques, the model can
dynamically adapt to a variety of video environments and user preferences. Further the model can be deployed on edge devices to reduce reliance on
cloud based calculations. This means it is suitable for mobile and embedded system.

Funding: There is no funding for this research article.
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