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Given a video sequence, moving objects usually contain important information. So, detecting moving objects becomes the most significant part of various applications. In computer vision, the detection of moving objects from a video sequence based on moving objects is crucial in many visionbased applications such as action recognition, traffic controlling, industrial inspection, and human behavior identification. There is much research that has been done for detecting moving objects by the stationary camera. But a moving camera brings new challenges to moving object detection. Recently several methods for background subtraction from moving cameras were proposed. The background is often obtained by dominant single or multiple planes with a complex BG/FG probabilistic model. Some of them use bottom-up cues to segment video frames into foreground and background regions.They may fail to detect an object when the clues are ambiguous in the video. It is often due to this lack of explicit models. This article will discuss possible solutions to resolve the ambiguity in the moving camera's background subtraction problem and introduce factors that influence the BS's efficiency.

I. INTRODUCTION

In computer vision, Background subtraction is a problem that separates the moving parts from motionless parts. For instance, Given a video sequence of a bear walking in the wild, the background subtraction algorithm can separate the bear from the surrounding scene. Research within this area has a vast application field, Includes but not limited to video conferencing, video monitoring, optical motion capture, and multimedia applications. In previous research, background subtraction mainly aims at classifying each pixel into two classes, foreground class background class which represents the background scene [START_REF] Zhao | Background subtraction based on integration of alternative cues in freely moving camera[END_REF]. Traditionally, it assumes that the video sequences are from a stationary camera. Under this assumption, the moving object more likely stands out. In previous approaches, Gaussian Mixture Model [START_REF] Stauffer | Adaptive background mixture models for real-time tracking[END_REF], as a static model, can be used in the background and foreground estimation problem. This model resolves background modeling in the complex scene but it failed to model fast-changing background situations. Yan [START_REF] Yan | Variational bayesian learning for background subtraction based on local fusion feature[END_REF] et al. purposed variational bayesian learning for background subtraction based on local fusion feature, LFVBGM. Although it considered the spatial factor of the pixel, the background's low update rate limits this algorithm's performance. Recent research shows that given a video sequence captured by a freely moving camera, where the background pixels are no longer maintain their respective positions, the static model does not acquire a promising result. Because of the camera's motion, the once static scene can not be regarded as still. The background becomes another source of motion. It poses a new challenge to the background subtraction problem. Moreover, the moving background problem in static camera's background subtraction gets more challenging for moving camera. Moving background is the problem that some background objects e.g. waving trees, will move. These objects are more easily be falsely detected. To find the clues that might help to model background and foreground in the moving camera's background subtraction problem. this article will introduce factors such as camera, image segmentation, image filtering, motion detection, and image processing.

II. BACKGROUND SUBTRACTION IN MOVING CAMERA

A. Existing Work

To detect the objects, a general method via different pictures first proposed by Jain and Nagel [START_REF] Jain | On the analysis of accumulative difference pictures from image sequences of real world scenes[END_REF]. Another group of methods is background (BG) subtraction using different models, e.g., the pixel-wise Gaussian model proposed by Wren et al. [START_REF] Wren | Pfinder: real-time tracking of the human body[END_REF], the Gaussian mixture model presented by Stauffer and Grims. However, the assumption of a stationary camera limits the application of computer vision algorithms. With the growth of free-moving camera videos, the issue of detecting moving objects is a concern in recent years. Traditionally, background subtraction methods [START_REF] Elgammal | Background and foreground modeling using nonparametric kernel density estimation for visual surveillance[END_REF] attempt to achieve foreground segmentation by assuming that any motion in the video data is due to moving objects. These algorithms have led to their use in surveillance systems. The assumption of a static camera limits their use in videos by a moving camera. These methods use a homography 2D affine transform to compensate for the motion. This allows them to handle scenes that can be approximated by a plane or when the camera rotates but does not translate. Recently, several methods proposed for background subtraction from moving cameras. [START_REF] Sheikh | Background subtraction for freely moving cameras[END_REF] uses orthographic motion segmentation over a sliding window, following by sparse per frame appearance modeling to segment images.

B. Challenges in BSMC

A moving camera brings challenges to the moving object detection issue. First, object motion is mixed together in the view, where BG is moving due to the moving camera and foreground is moving due to camera motion and object motion. Second, the projection principle of the pinhole camera model is not only induced by camera translation but also affected by 3D scenes. The differences in the 2D motion of areas within the 3D scene at different depths are called 3D parallax motion. Third, many complex scenarios such as fast-moving cameras and multiple moving objects with various sizes and speeds are more complex comparing scenes from a stationary camera.

C. Exterior Factors

1) Feature detection: Feature Detection is an important factor in Background subtraction, and Panoramic feature detection shows its advantages in FD. In most cases, normal camera's field of view is 180°. Research shows that Panoramic images with 360°field-of-view have more advantages when dealing with object tracking problems. [START_REF] Fiala | Hough transform for feature detection in panoramic images[END_REF] Fiala et al. used the Hough transformation for feature detection in Panoramic images.They presents a template for object detection in Panoramic images. Meanwhile, It is designed to solve the feature detection problem in the panoramic image. while other detection methods often fails when detecting straight lines. In this paper, A new method is proposed to locate horizontal line features. the existence and location of horizontal lines are found by mapping edge pixels to a new 2D parameter space for each mirror lobe. Panoramic Hough transform is derived from the Hough transform which identifies lines or curves by creating a separate parameter space and finding groupings in this parameter space. This new method transfers the Hough transform of the plane space to the panoramic picture. The main idea of this paper is transforming the Hough transform into a certain field, in this case, the panoramic images.

2) Compression: Image compression perform a important role in Background subtraction model because it affects the calculation's efficiency. Knowing the series of image compression method is one of our major topics. Basu et al. provided a novel image compress method called variable resolution [START_REF] Basu | Variable resolution teleconferencing[END_REF]. This transform's idea comes from the animals' vision system in the dynamic world. This vision system focuses more on areas of greater interest. In this area(fovea), more detail is preserved while the outside area(periphery) requires less detail. Two advantages are shown in this method. The first one is the compression ratios are obtained by controlling the sampling. The other is that VR transforms process images using a lookup table, which will accelerate the compression procedure. Traditional VR transform has a defect that the compressed image is not rectangular. This problem is solved by using multiple scaling factors to make sure the transformed image can be mapped to a rectangle with full space utilization. Moreover, real images with multiple foveas are compressed using a weighted transformation, which avoids foveas misplacement. At last, the compression performances are evaluated based on three criteria: the compression ratio, compression time, and resulting image quality. The VR transform has promising performances in these criteria, especially in the compression time, where the method save 50 percent compression time in certain situation. In this paper, The authors proposed a fast encoding and decoding technique for lossy compression of motion capture data. Experimental results show the algorithm is much faster than other comparable methods. It can be planted in real-time online 3D games that have a large amount of data flow. They achieved perceptually guided compression of motion data by considering the human visual system when compressing 3d motions. Their method is derived from the Wavelet-Based Approach, applying a one-dimensional wavelet transform on each channel of motion data. Then they preserve a certain percentage of the wavelet coefficients while zero out the rest. After that, the quantization process follows to produce the compressed output stream. Considering the need for fast compression and availability for human perceptual factors of animation, the authors upgraded the traditional wavelet-based approach by selecting different numbers of coefficients for different channels of data based on the importance of each channel on the perceived quality of motion.

Taha, Bilal et al. managed to extract compressed 2d data from 3d models in order to decrease model training time [START_REF] Taha | Fused Geometry Augmented Images for Analyzing Textured Mesh[END_REF].3D data requires more storage compared to the 2D images. It is crucial to extract the 3D data's features while avoiding to be lossy. Automatically learned feature representations in terms of activations of a trained deep neural network have shown their superiority on many tasks using 2D RGB images, the authors purposed a novel method to deal with 3D data similarly. They proposed an approach to extend the application of deep learning solutions to 3D data given in the form of triangular meshes by exploiting the idea of establishing a map between the 3D mesh domain and the 2D image domain.Firstly, they perform a down-sampling on the facial surface derived from the full 3D face model. Then, To align the new 3D model and 2d texture, they designed an algorithm to map the texture image on the compressed mesh. In the end, they extract a group of local shape descriptors that contain most information from the original 3D model. A novel scheme is proposed to map the extracted geometric descriptors onto 2D textured images. These images are called GAIs. Each image corresponds to a 3D model and its texture. Then GAIs are fused into three-channel images called FGAIs. At last, An CNN network is implemented to extract the features of FGAIs. Eventually, the output is the compressed 3D data. These data can be used in various of CNNs in a diverse area.

Mahalingaiah, Kushal and Sharma et al. found an novel way for Image compression [START_REF] Mahalingaiah | Semantic Learning for Image Compression[END_REF]. In this paper, the author proposes a lossy compression approach developed using a CNN based model. It is a combination of existing image classification CNN network-ResNet and a classical image compression paradigm Joint Photographic Experts Group(JPEG). 

Fig. 2: Image compression approach

3) Tracking: Given a video sequence, if the first frame is successfully segmented, the following mask can be obtained by tracking.Lijun Yin, Anup Basu. purposed an face tracking method with model based coding [START_REF] Yin | Integrating active face tracking with model based coding[END_REF]Bernogger, S et al. purposed an eye tracking method used in video to capture eyes' motion inspires us about the idea of POI tracking [START_REF] Bernogger | Eye tracking and animation for mpeg-4 coding[END_REF]. CG technology often extracts animation from real action from individuals. For now, we can extract the body's action easily. Automatic facial feature detection and tracking along with facial expression analysis and synthesis still poses a big challenge. Eyes,faces, as the most active organ in the human body, must be precisely detected in such work. The authors purposed an algorithm for accurate localization and tracking of eye features. This algorithm is derived using the heuristic approach, from facial feature detection and tracking algorithms in other parts of the body. They present an approach to synthesizing the eye movement by using the extracted eye features to compute the deformation of the eyes of the 3D model by mapping the model to the first frame of the face sequence then applying the extracted parameters to the 3d model. For the eye's feature extraction part, firstly, the Hough transform is implemented to detect the iris. Secondly, the deformable templates for eyelids are initialized. After getting the features' parameters, these parameters are mapped to the 3D model. Instead of using all the parameters. they use the most significant part of the eyes' feature to map the model. Finally, The eyes' movement is showed in the 3d model from the start frame sequence to the end. The experimental results show that by implementing the Hough transform. This feature extraction method is very robust against noise as well as edges that are not produced by the contour of the iris.

4) Color and Quality: Color and image Quality are intuitively a factor that separate foreground from background. Shen, Rui et al. [START_REF] Shen | Qoe-based multi-exposure fusion in hierarchical multivariate gaussian crf[END_REF] propose a novel MEF method based on perceptual quality measures that exploit both contrast and Fig. 3: Eyes key points mapping color information [START_REF] Bernogger | Eye tracking and animation for mpeg-4 coding[END_REF]. It generates images with better quality than existing ones for a variety of scenes. And here is another novelty about this method, human perceptual parameters are taken into consideration to evaluate pixel contributions more accurately. The perceived contrasts(luminance and color) are used in the MAP-HMGCRF model for pixel-level contribution evaluation. HMGCRF is a hierarchical architecture of MGCRF. It is used to efficiently estimate the pixel contributions/fusion weights(MAP) configuration on a lattice graph. The purposed method QBF beats other fusion methods in many criteria, like QAB/F and DRIVDP. The research team even invites people to evaluate the outputs of the methods. In both views, The purposed image fusion method has a good performance. Their focus on the performance is not merely in the accuracy level, but also in time level. So that they derived HMGCRF from the slower MGCRF.

5) Camera Calibration: Basu, Anup. purposed an automatic camera calibration methods to estimates the parameters of a lens and image sensor of an image [START_REF] Basu | Active calibration of cameras: theory and implementation[END_REF]. There were two main method groups:linear methods that are easier to implement but incapable of lens distortion problem and non-linear methods that have good performances in complex situations but expensive to calculate. The author purposed a new dynamic solution for camera calibration that is derived from human vision. The initial observation is human's eyes can automatically calibrate when fixed on an object. And we get the sense because our eyes rotate when looking at something. By using the small pad and tilt movements, an active camera can estimate its center. The author provided two strategies. first is to use three distinct image contours, or three different positions of the camera to estimate the error in the estimated lens center.Then these estimates can be used to estimate Focal length in pixels. Second is Using a single image contour, estimate focal length in pixels first and use the length to estimate the error in the estimated lens center. By comparison, No.2 is more robust than No.1 even though No.1 is theoretically more precise.

III. IMAGE SEGMENTATION

Image segmentation is a key step in image processing. From a mathematical point of view, image segmentation is dividing a digital image into disjoint areas. Image segmentation is also a marking process, that is, the pixels belonging to the same area have the same number.

A. Bayesian segmentation

The Bayesian classification algorithm is a classification method of statistics, it is a class of algorithms that use probability and statistics knowledge for classification. Rossol, Nathaniel et al. provided a framework for Virtual reality rehabilitation [START_REF] Rossol | A framework for adaptive training and games in virtual reality rehabilitation environments[END_REF]. A framework based on Bayesian networks for self-adjusting adaptive training in virtual rehabilitation environments is purposed. This method is proven effective according to the user's feedback.The framework can measure patients' ability changes over time with Bayesian networks to better arrange the training process. Firstly, this system is a software that can run on computers of systems. Its control system has an amazing moldability. Secondly, it uses Bayesian networks to attempt to determine patient skill levels to create immersive and custom experience for individuals. This network scientifically evaluates an individual's performance on a certain task and feedback future's training intensity. From the result evaluation, Participants commonly have a better performance in real-world obstacle courses after training on the purposed wheelchair. The mean time advantage is 81.5 seconds in the trained group compared to 104.5 seconds in the untrained group. the method to use. Sometimes, CT images do not provide a conclusive picture of surgical outcomes.To solve this problem, the authors purposed a model for kidney segmentation in CT scans. model is trained using nnU-Net which is derived from U-Net. U-Net is widely used in the field of medical image analysis such as MRI and CT scans. As the figure shows, The blue line indicates training loss and the red line indicates validation loss. The green line represents the evaluation metric, its scale is on the right axis. We can see that the overall accuracy is above 0.8 and in some cases, it can exceed 0.9. Although the model produced excellent results for kidney segmentation, the model was unable to interpret the CT scan and produced no segmentation in some cases. 

IV. OPTICAL FLOW CALCULATION

A. Determining optical flow [START_REF] Berthold | Determining optical flow[END_REF] Optical flow can give important information about the spatial arrangement of the objects viewed and the rate of change of this arrangement. [START_REF] Berthold | Determining optical flow[END_REF] Discontinuities in the optical flow can help in segmenting images into regions that correspond to different objects. However, The optical flow cannot be computed at a point in the image independently of neighboring points without introducing additional constraints, because the velocity field at each image point has two components while the change in image brightness at a point in the image plane due to motion yields only one constraint. For the constrain of optical flow, the motion of the brightness patterns in the image is directly determined by the motions of corresponding points on the surface of the object. Computing the velocities of points on the object is a matter of simple geometry once the optical flow is known so the brightness should be constant.

B. Evolution of Optical Flow Estimation with Deep Networks

The FlowNet by Dosovitskiy et al. [START_REF] Fischer | Flownet: Learning optical flow with convolutional networks[END_REF] represented a paradigm shift in optical flow estimation. The FlowNet demonstrated that optical flow estimation can be cast as a learning problem. The idea of using a simple convolutional CNN architecture to directly learn the concept of optical flow from data was completely disjoint from all the established approaches. However, first implementations of new ideas often have a hard time competing with highly fine-tuned existing method. Eddy et al [START_REF] Ilg | Flownet 2.0: Evolution of optical flow estimation with deep networks[END_REF] proposed FlowNet2.0, they advance the concept of end-to-end learning of optical flow and make it work really well. The large improvements in quality and speed are caused by three major contributions. First, they focus on the training data and show that the schedule of presenting data during training is very important. Second, they develop a stacked architecture that includes warping of the second image with intermediate optical flow. Third, they elaborate on small displacements by introducing a sub-network specializing on small motions. FlowNet 2.0 is only marginally slower than the original FlowNet but decreases the estimation error by more than fifty percent.

C. Enhancement of optical flow

The conventional calculation of optical flow is the pattern of apparent motion of image objects between two consecutive frames. Sandeep and Susanta proposed an enhanced optical flow method [START_REF] Singh | Detection of moving objects based on enhancement of optical flow[END_REF]: (i) extracting frames from video and converting it into gray image. (ii) Using Gaussian filter on each frame for denoising. (iii) The novel part is that they computed the optical flow not just between the (a) current frame and previous frame OF 1 but also computed the (b) current frame and the next frame OF 2 separately.The overall optical flow of each video frame is then computed by algebraically combining the optical flow components OF 1 and OF 2 . . Finally, the segmented video output is obtained by employing morphological operation on equalized and thresholded optical flow. More details about computation of optical flow are shown below.

1) Computation of optical flow: Before computing optical flow, they applied Gaussian filter on individual frame using one-dimensional Gaussian masks. This filter can be employed to each video frame (F i ) as given below.

F smooth i = 1 σ √ 2π [ F i (x, y)e -(x 2 +y 2 )/2σ 2 dx)]dy (1) 
The select three consecutive frames and put these images into above Gaussian filter. Then they get (1)currentF i (x, y), =

F smooth i (x, y) (2)previous F i-1 (x, y), = F smooth i-1
(x, y) and (3) next F i+1 (x, y), = F smooth i+1 (x, y). Then they estimate the optical flow across the frames F i-1 (x, y) and F i (x, y) as well as the optical flow across the frames F i (x, y) and F i+1 (x, y) separately. Next, they combine the optical flow in both horizontal and vertical direction respectively.

D. Object detection

After acquiring image mask by optical flow, the next step is to extract objects. In this section lists several methods for image detection and segmentation.

1) Object detection by clustered features: For extracting the objects in a image, Marcin and Dawid use blur and emboss filters [START_REF] Woźniak | Object detection and recognition via clustered features[END_REF] to extract the most important object shapes. They distinguish between three kinds of clustered shapes: below average (which means that the object is small, and it can be from the background or not important for further processing), normal size ( is important and can be further processed), and above average (which means this object is big so it can represent something not important).

2) Bilayer Segmentation: Object color, gradient, and displacement are integrated to infer the foreground layer in real time. The approaches presented in [START_REF] Criminisi | Bilayer segmentation of live video[END_REF] estimate the foreground layer from a Web camera video using different spatial and temporal priors. But they only use the color/contrast information or require special camera configuration. Frequent user interaction is generally needed for challenging video examples. In the bilayer segmentation step, depth and motion are used to handle layer occlusion and resolve color similarity. Unlike traditional solutions that weight different terms in an objective function, Guofeng et al [START_REF] Zhang | Robust bilayer segmentation and motion/depth estimation with a handheld camera[END_REF] employ a simple voting-like strategy to effectively balance the set of terms and automatically reject occasional outliers. The bilayer segmentation result is used to refine the optical flow field on the dynamic foreground, avoiding the errors caused by connecting a foreground pixel with a background one.

V. CONCLUSION

The interest in the Moving camera's background subtraction for a variety of applications. Research within this area has a vast application field, Includes but not limited to video conferencing, video monitoring, optical motion capture, and multimedia applications. In this article, Possible solutions to resolve the ambiguity in the moving camera's background subtraction problem are discussed. Factors that influence the BS's efficiency are discussed such as camera, image segmentation, image filtering, motion detection, and image processing are analyzed. . In this survey, we have discussed the factors that need consideration when solving background subtraction problems. E.g, when preprocessing video sequences, the features within each frame should preserve to provide a basis for the tracking algorithms. In terms of specific applications, Some applications such as online video conferencing require real-time background subtraction. Compression methods in multimedia implemented in video preprocessing are introduced, inspiring to increase algorithms efficiency while preserving video quality in terms of color, resolution, etc. The concept of Camera calibration estimates intrinsic and extrinsic parameters, helping to understand the parameters related to the camera's moving. On the other hand, Image segmentation, including traditional and network approaches, showed its advantages in producing binary masks for the BS problem. Besides, more and more BS algorithms using optical flow as binary mask's calculation basis. For it contains contour of moving objects and filters out the redundant texture detail.
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 1 Fig. 1: Variable Resolution transform

  Figure below showed their overall process. As for the network part. The reason they chose the Resnet model as the fundamental is that the model can be transferred as a Region of Interest extraction model with only a few configurations. Their modifications are developed on top of the Class Activation Mapping. By deleting the average pooling, flattening, and the final connected layers in the network, and replacing them with a 2D convolutional layer, 2-D depthwise convolution, and finally another convolutional layer, they can identify the regions of interests in the image. Eventually, they got a heatmap for each image showing the region of interest. After knowing the region of interest, they transferred the information to JPEG which consists of two parts -an encoder and a decoder. The encoder divides the image into blocks and applies DCT to obtain coefficients. The decoder performs the inverse operations when the image is displayed. They split the compression regions into three different areas, each of them has a different compress percentage.
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 5 Fig. 5: KIDNEY segmentation result