

ABANDONED OBJECT DETECTION VIA TEMPORAL CONSISTENCY MODELING AND BACK TRACING VERIFICATION FOR VISUAL SURVEILLANCE THROUGH IOT
ABSTRACT

This paper presents an effective approach for detecting abandoned luggage in surveillance videos. We combine short- and long-term background models to extract foreground objects, where each pixel in an input image is classified as a 2-bit code. Subsequently, we introduce a framework to identify static foreground regions based on the temporal transition of code patterns, and to determine whether the candidate regions contain abandoned objects by analyzing the back-traced trajectories of luggage owners. The experimental results obtained based on video images from 2006 Performance Evaluation of Tracking and Surveillance and 2007 Advanced Video and Signal-based Surveillance databases show that the proposed approach is effective for detecting abandoned luggage, and that it outperforms previous methods.
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CHAPTER 1
1.1  INTRODUCTION
In the visual surveillance research, detecting abandoned luggage is referred to as the problem of abandoned-object or left-luggage detection. It is a crucial task for public security, particularly for identifying suspicious stationary items. Because there is no object type of category that can be assumed as having been abandoned, common object detection methods such as training an object detector for a particular category of objects are inappropriate for performing this task. To address this problem, foreground/background extraction techniques are suitable for identifying static foregrounds regions (i.e., objects that remain static for a long time) as left-luggage candidates.
A. Related Works 

The algorithms for identifying a static foreground or abandoned object can be classified into three categories. The first category involves constructing double-background models for detecting a static foreground. The double background models are constructed using fast and slow learning rates. Subsequently, the static foreground is localized by differentiating between the two obtained foregrounds. A weakness of these methods is the high false alarm rate, which is typically caused by imperfect background subtraction resulting from a ghost effect, stationary people, and crowded scenes. In addition, these methods involve using only the foreground information per single image to locate regions of interest (ROIs) of abandoned-object candidates. Consequently, temporally-consistent information that may be useful for identifying sequential patterns of ROIs may be overlooked. The second category of methods for extracting static foreground regions involves using a specialized mixture of Gaussian (MOG) background model. In previous researches, three Gaussian mixtures were used to classify foreground objects as moving foreground, abandoned objects, and removed objects by performing background subtraction. In addition, the approach proposed in uses visual attributes and a ranking function to characterize various types of alarm events. The third category involves accumulating a period of binary foreground images or tracking foreground regions to identify a static foreground. The methods proposed in involved localizing the static foreground based on the pixels with the maximal accumulated values, which were subsequently considered the candidate regions of stationary objects. However, this category of methods fails in complex scenes. LV et al. used a blob tracker to track foreground objects based on their size, aspect ratio, and location. Left luggage is identified when a moving foreground blob stops moving for a long period. Li et al. tracked moving objects by incorporating principle color representation (PCR) into a template-matching scheme, and also by estimating the status (e.g., occluded or removed) of a stationary object. Rather than using a single camera, some approaches use multiple cameras for detecting abandoned luggage. Auvinet et al. employed two cameras for detecting abandoned objects, and the planer homography between two cameras was used to regulate the foreground tracking results. To fulfill the semantic requirement of abandoned luggage events where a person drops their luggage and then leaves, some of the aforementioned methods combine a tracker to track the involved person(s) for further verification. Liao et al. tracked luggage owners based on skin color information and by performing contour matching with a Hough transform. In, Kalman filter (KF) and unscented KF (UKF) were used to track foreground objects (including people and carried luggage) based on low-level features, such as color, contour, and trajectory. Tian et al. integrated a human detector and blob tracker to track the owner of abandoned luggage, and the corresponding trajectory was recorded for further analysis. Fan et al. used a blob tracker to track moving people close to the left-luggage. The obtained movement information was used as an input for their attribute-based alert ranking function. 
B. Our Approach 
In this paper, we propose a temporal dual-rate foreground integration method for static-foreground estimation for single camera video images. Our approach involves constructing both short- and long-term background models learned from an input surveillance video on-line. Subsequently, we introduce a simple pixel-based finite-state machine (PFSM) model that uses temporal transition information to identify the static foreground based on the sequence pattern of each object pixel. Because the proposed approach involves using temporal transition information, we can reduce the influence of imperfect foreground extractions in the double-background models, thereby improving the accuracy of the constructed static foreground inference. An owner-tracking procedure is also employed in our method to semantically verify the abandoned object event. Contributoins of the proposed method over previous methods are summarized as follows. 

· We introduce a dual-rate background modeling framework with temporal consistency. It performs considerably better than the single-image-based double background models. 

· We develop a simple spatial-temporal tracking method for back-tracing verification. Compared to the frame-by-frame tracking approaches such as the KF- or UKF employed , our approach is superior in handling temporary occlusions and is still highly efficient to implement.

· Experimental results on benchmark datasets (PETS2006 and AVSS2007) show that our method performs more favorably against all of the compared methods.               
1.2 OBJECTIVE
· To provide security systems for social monitoring.  

· To stop the terrorist activity in public places.

· To increase the level of security.
1.3 PROBLEM STATEMENT 
Given a video sequence captured by a static uncalibrated camera in a mid-field setting, our objective is:

· To develop a reliable system that detects abandoned objects in a crowded scene. An abandoned object as an entity which is absolutely static in the scene for more than a time period T and the perceived owner of the object is not present within a radius of r.  

· To implements a systematic method for segmenting the foreground and background in the scene based on a comprehensive background model.  

· To make the background model adaptive, so the system adapts to changes which are persistent and does not have to be restarted periodically.
1.4 Object Detection 

Object detection is a computer technology related to computer vision and image processing that deals with detecting instances of semantic objects of a certain class( such as human, buildings or cars) in digital image and videos. 
Object Tracking 

Object tracking means identifying & following same object in sequences of video frames. Camera is used as input sensors to acquire frames to form the video. To remove noise from captured frames noise reduction technique is used to improve the image quality, to detect moving object, based on color of the moving object in frame. Extraction of objects from frame using the different features is known as object detection. Every object has a specific feature based on its shape.

1.4.1 Object Detection and Tracking 

Object detection and tracking has variety of applications in computer vision such as surveillance, vehicle navigation, robot navigation, remote control vehicle, to track people in indoor environment, people and car in outdoor environment etc. Detecting abandoned object/abandoned luggage is referred to as a problem of left luggage or abandoned object detection in the visual surveillance research for public security. It is very critical task particularly for identifying suspicious stationary items. To perform this task common detection method such as training an object detector are inappropriate, because there is no object type of category that can be assumed as having been abandoned. Object detection and tracking are important and challenging tasks in many computer vision applications such as surveillance, vehicle navigation and autonomous robot navigation. Object detection involves locating objects in the frame of a video sequence. Every tracking method requires an object detection mechanism either in every frame or when the object first appears in the video. Object tracking is the process of locating an object or multiple objects over time using a camera. The high powered computers, the availability ofhigh quality and inexpensive video cameras and the increasing need for automated video analysis has generated a great deal of interest in object tracking algorithms. In this method Gaussian Mixture Model (GMM) is used for object detection and Kalman Filter (KF) for Object tracking. By using Background Subtraction to detect foreground object in an image taken from stationary camera. Morphological operation is use to filter out noise to get clean image.
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1.4.1.1 Baggage Detection 

Baggage hypothesis generation is based on static change detection using  the dual background approach of Porikli et al. (2008) adapted to use the efficient implementation of the Gaussian Mixture Model in Zivkovic (2004). Bag verification consists of application of a combination of filters including both 2D and 3D geometric filters and foreground/background similarity filter, and temporal filtering to check for peristence of the static regions.  

1.4.1.2 Person Detection 

Person detection is based on the homography based multi-camera approach of Yildiz and Akgul (2010), extended with a novel approach for ghost 176 suppression. First, a synergy map, the result of projecting detected foreground from each camera view to a single plane, is created. In practice, the reverse process is used with sampled cells on the synergy map, each corresponding to a vertical cuboid in space of fixed person height, back-projected to the bounded rectangles in the original images. The process is applied for an image resolution-limited ”infinite” number of planes in a very efficient and fully real-time manner without hardware acceleration. For a given location (x, y) in the Synergy map (which corresponds to a small rectangular region on the ground plane), the value S(x, y) accumulating the evidence of a person’s presence can be calculated as:
S(x, y) = 1 |I| X i∈I Pu1 u=u0 Pv1 v=v0 p(u, v, i) A(Z(x, y, i)) (1)  where I is the set of images into which the cuboid can be visibly projected, Z(x, y, i) = {(u0, v0),(u1, v1)} is the bounding box projection of the cuboid  corresponding to a specific synergy map pixel (x, y) into image i as defined by two extreme corner points. A(s) is a function to calculate the area of any shape s, and p(u, v) =    1, if I(u, v) is foreground 0, otherwise (2) Candidate objects are represented by peaks in the synergy map, obtained  via thresholding. Ghost detections can occur where lines from different cameras to different objects intersect. To prevent ghosts becoming new tracking targets, a suppression map is generated in the regions of high ghost probability and subtracted from the synergy map. Frame-to-frame tracking of peaks further reinforces probable objects’ location.
1.4.1.3 Tracking 

A multi hypothesis tracker is used Blackman (2004) modified for application to tracking of extended objects. First, to handle short-term occlusions  and the merging of measurements from different persons in the detection process, measurement-sharing between track hypotheses is allowed. Secondly, the measurement-to-track association cost is modified to allow image features, specifically two hue-saturation histograms corresponding to the top and bottom halves of a person, to be used in addition to a simple Brownian motion model. Each model is updated using the Exponentially Weighted Moving Average (EWMA). The association score between a predicted state and a measurement is a product of the normalised histogram intersection distance between their histograms and the normalised Euclidean distance between their positions in 3D.To overcome track fragmentations caused by long-term or complex patterns of interaction between people, long term tracking based on tracklet association is used. The approach is based on a Markov Logic Network (MLN) (Leung and Herbin (2011)) where the notion of a group to account for generic interaction between people is introduced. The scores for possible associations are calculated using both spatial-temporal constraints and appearance information. Associations are not only considered for tracklets that can be directly joined together; but are extended to tracklets separated by a group in space and time. It therefore handles the formation and splitting of groups, reducing track fragmentations and allowing longer tracks to be formed.
1.4.2 STATIC OBJECT DETECTION 

We describe how to detect the static objects from the scene. Here the static objects are the changes of the scene that stay in the same position for relatively long time. These static objects can be classified as abandoned objects and removed objects. We employ the mixture of Gaussian method to detect scene changes due to its robustness and efficiency. We further extend the method to detect static objects by using different mixture models. 

A. Multi-Gaussian Adaptive Background Models and Improvements

 Stauffer and Grimson introduced a mixture of K Gaussians (K is from 3 to 5) to build the background model and detect the moving objects. For a pixel X at time t, the probability of the pixel can be written as [33]: ( ) ( , , ), , 1 , , i t K i P Xt = 
 i t ∗ Xt i t 
 = ω η µ (1) Where K is the number of Gaussian mixtures, ωi,t is an estimation of the update weight of the ith Gaussian distribution, µi,t is the mean of the ith Gaussian distribution, 
i,t is the covariance matrix of the ith Gaussian distribution, and 
 is a Gaussian probability density function: , (2 ) 1 ( , , ) ( ) ( ) 2 1 2 1 2 1 t t T Xt t X n t X e µ µ π η µ − − 
 − −  
 = (2) where n is the dimension of the intensity at the pixel X and (1 ) ( ). ωk,t = −α ωk,t−1 +α Mk,t (3) Where α is the learning rate and Mk ,t is 1 for the model which matched and 0 for the remaining models. By assuming the red, green, and blue pixel values are independent and have the same variances, I k t k 2 
 , = σ . After the Gaussians are ordered by the value of ω /α , the first B distributions are chosen as the background model, where arg min ( ), 1 
= = > b k B b ωk T (4) where T is the minimum portion of the background model. The and parameters for unmatched distributions remain the same. The parameters of the distribution which matches the new observation are updated as follows: µ t = − ρ µ t−1 + ρXt (1 ) , (5) (1 ) ( ) ( ) 2 1 2 t t T σ t = − ρ σ t− + ρ Xt − µt X − µ . (6) where ( | , ) ρ = αη Xt µ k σ k (7) In the implementation, two significant parameters --α and T need to be set. See more details in Stauffer and Grimson. In our system, we set K = 3 (three Gaussians), α =0.005, and T = 0.4. We implement the method on both grayscale and RGB video inputs. The mixture of Gaussians method is robust to slow lighting changes, periodical motions from clutter background, slow moving objects, long term scene changes, and camera noises. However, it cannot adapt to quick lighting changes and cannot handle shadows well. A number of techniques have been developed to improve the performance of the mixture of Gaussians method. In order to make the mixture of Gaussians method work for quick lighting changes, we integrated the texture information to the foreground mask to remove the false positive areas by using the gradient features since the texture in the false positive foreground areas which are caused by lighting changes should be similar to the texture in the background, and the gradient value is less sensitive to lighting changes and is able to derive an accurate local texture difference measure. To remove the false foreground masks that are caused by shadows, the normalized cross-correlation of the intensities is calculated at each pixel of the foreground region between the current frame and the background image.
B. Static Object Detection 

Similar to Tian et al., we model the background using three Gaussian mixtures and detect the static region without extra computational cost. Generally, the 1 st Gaussian distribution shows the persistent pixels and represents the background image. The repetitive variations and the relative static regions are updated to the 2 nd Gaussian distribution. The 3 rd Gaussian represents the pixels with quick changes. As shown in equation (4), the (B+1)th mixture of Gaussians of the background model is used to detect if a foreground pixel belongs the static region: , . pixel∈ static region if ωB+1 > T (5) In our system, we use three Gaussian mixtures. If the weight of the 2 nd Gaussian for a pixel is larger than a threshold, the pixel belongs to the static region. The connected component process is performed for both foreground mask and the static region mask. For the system implementation, we need to solve the following problems: (1) When to heal the static region which means when to push the static region to the background model (the 1 st Gaussian distribution)? (2) How to adjust the model update rate for video streams with different frame rates? (3) How to reduce static region fragmentation?

Static Region Healing:  Foreground fragments are usual for many background subtraction methods. In the mixture of Gaussians background subtraction (BGS) method, the different parts of a static region are often updated to the background model at different speeds based on the similarity of the pixel values between the static region and the background model. By pushing back the static region to the background model when the static region is biggest (i.e., before it starts shrinking), we can avoid the fragment of the foreground. To push the static region back to the background model, we reset the weight of the static region as the maximum weight which was defined in the program. The mean and variance of the 2 nd Gaussian distribution is exchanged with the 1 st Gaussian distribution for each pixel in the static region mask.

Updating BGS models at a fixed rate for video streams with different frame rate: most existing adaptive BGS methods update the background models based on input frames and a predefined update rate parameter. In this case, the background models are updated at different speeds for video streams with different frame rates although the parameter of the update rate is the same. In real surveillance systems which use live videos as inputs, the video frame rate often changes dramatically even for the same camera view due to multiple engines running on one machine and the complexity of the scenario. To detect abandoned objects and removed objects by the mixture of Gaussians method, the abandoned/removed time is directly related to the model update rate. To ensure stability from the time the object is abandoned or removed till the system detects the static region, we update BGS models based on time stamp instead of frame number.

Setting two thresholds for foreground mask and static region mask: In order to avoid static region fragments, we employ two different weight thresholds for foreground mask and static mask. In the mixture of Gaussians BGS method, the different parts of a static region are often updated to the background model at different speeds based on the similarity of the pixel values between the static region and the background model. Some pixels in the static region are often updated to the background model before the static region is healed. We use a lower weight threshold for the static mask and a higher threshold for the foreground mask. Dual thresholding has also been exploited by Boult et al. in the context of background modeling. More recently, Zhang et al. used this idea in a more general framework, arguing that “two thresholds are better than one” for vision applications.

1.4.3 ABANDONED OBJECT DETECTION

In Kevin Smith, Pedro Quelhas, and Daniel Gatica-Perez ,proposed a temporal dual-rate foreground integration method for staticforeground estimation for singlecamera video images. Their approach involves constructing both short- and long-term background models learned from an input surveillance video on-line. Subsequently, they introduce a simple pixel-based finite-state machine (PFSM) model that uses temporal transition information to identify the static foreground based on the sequence pattern of each object pixel. Because the proposed approach involves using temporal transition information, they can reduce the influence of imperfect foreground extractions in the double-background models, thereby improving the accuracy of the constructed static foreground inference. An owner-tracking procedure is also employed in their method to semantically verify the abandoned object event. Contributoins of the proposed method over previous methods are summarized as follows. 

· They introduce a dual-rate background modeling framework with temporal consistency. It performs considerably better than the single-image-based double background models . 

· They develop a simple spatial-temporal tracking method for back-tracing verification. 

Compared to the frame-by-frame tracking approaches such as the KF- or UKF employed in, our approach is superior in handling temporary occlusions and is still highly efficient to implement.
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1.4.4 ABANDONED AND REMOVED OBJECT DETECTION 

After static regions are detected and healed (i.e., pushed into the background), we need to classify whether the healing corresponds to an abandoned or removed object event. In this section, we initially present a robust algorithm that classifies the static regions into abandoned or removed objects. Then we describe a method to reduce false static region classification based on the history of background regions. 

A. Heal Type Detection 

Very few methods have been proposed in the literature to classify static regions into abandoned or removed objects. Existing techniques rely on the analysis of the intensity edges along the static region in the background image and the current frame. The intuition is that, in many cases, covering the background with an object will introduce more edges in the image due to the object boundaries (occluding contours). Based on this assumption, the static foreground region may be classified as abandoned object if the background image contains fewer edges than the current frame (along the static foreground blob) and conversely for removed items. Although these methods work well for simple scenarios with a smooth background, they are not suitable for complex environments involving crowds and occlusions. Below we depict two key limitations that arise under these conditions:
· The edge energy assumption is clearly violated when the background is cluttered with many intensity edges. 

· For scenes where the object is constantly occluded, it is possible that only part of the object is healed. In this case, the static region will not contain the occluding contours, potentially having fewer intensity edges.
The key insight of our method to solve these problems is to exploit the surroundings (i.e., context information) of the static blob to classify it into abandoned or removed object. In fact, the surrounding image information has rich features to infer what is inside the blob, as it has been demonstrated by the impressive results obtained by image inpainting techniques.
Image inpainting can be used to “fill up” the static foreground blob so that the resulting image could be compared to the background image to determine the heal type (abandoned or removed). However, this operation is computationally expensive and may fail for large regions with complex texture patterns. Rather than going from the surroundings to the interior of the blob as in inpainting, our strategy takes the opposite way. We start at the boundaries of the static blob and use a segmentation process to grow into the exterior, in order to verify how the static region is compatible with its surroundings. Our method is inspired in some sense by the work of Ramanan, which uses segmentation to verify object hypotheses in pattern classification.
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The same segmentation process is then applied in the background image. In this case, we can see that the resulting segmented region is much larger, indicating compatibility with its surroundings. The heal type is finally determined by just comparing the size of the two segmented regions. If the background segmentation is larger than the current frame segmentation, then the foreground region is classified as abandoned object. Otherwise, it is classified as a removed item. If the segmented regions have similar sizes, the heal type is set to “unclear”, which may occur when the static foreground blob corresponds to lighting changes or other artifacts. Our approach is simple to implement, runs in real-time, and is very reliable for real-world surveillance scenarios. It offers substantial improvement over previous edge-based methods in complex environments. A typical scene, where an object is left in a cluttered background. Note that the change in terms of edge energy is not a good feature to determine the heal type due to the background clutter. The eroded mask overlaid in the current frame and the background, respectively. Finally, figures 3g and 3h show the segmented regions after the region growing process. Clearly, the segmented region in the background is larger than that of the current frame. As a result, the heal type is correctly determined as abandoned object.
B. History of Background Regions 

In order to further improve the accuracy of the static region classification method described above, we keep a history of the background objects in the scene and use this information as an additional cue to classify static regions into abandoned and removed objects. Consider an object entering the scene and becoming stationary. Before healing the object into the background, we store the corresponding background region for that object (i.e., the region behind the object) as history information.
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The object after being healed stays stationary for a while and then moves again, leaving the scene. At this moment, after the object is removed, we have a piece of background which will be healed. Note that the static region corresponding to this new healing can be directly classified as “removed object” by just comparing it with the history information and verifying that they are similar. In case they are not similar (or there is no corresponding stored history information), we invoke the heal type detection method described in the previous section. This way we avoid any problems with lighting changes when matching the history information due to objects that stay stationary for a long time.
1.4.5 ABANDONED/REMOVED OBJECT ALERT DETECTION 

We describe the process of abandoned/removed object alert detection which includes 3 parts: 1) Human detection method, 2) system interface, and 3) occlusion handling by keeping track the abandoned/removed items during a time period specified by the user. 

A. Human Detection 

In order to distinguish stationary human or non-human objects in the static regions, we developed a learning framework for human detection based on adaptive local features. This framework can be applied to detect humans in near-field, mid-field, and far-field surveillance scenarios, which deal with images with different levels of detail. In order to account for these differences, for each scenario we designed a human detector in a scale specifically tailored to the available resolution which can be configured for different camera views by users. 
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Examples of near-field (left), mid-field (middle), and far-field (right) surveillance scenarios
Near-field Human Detection: In near-field surveillance videos (Figure 5-left), the resolution is sufficient to make facial features of people clearly visible. We developed a face detector and a tracking system using the learning method to detect people in near-field scenes. To design the face detector, we used a frontal face dataset containing 4000 face images for training purposes. Each training image was cropped and rescaled to a 24x24 patch size. A pool of adaptive features was generated by running a non-linear optimization process, with different wavelet settings (wavelet type, frequency, etc.) for each sample. As a result, a pool of 80000 adaptive features was generated, containing a large variety of wavelet filters. It takes less than a second to create hundreds of adaptive features for a particular 24x24 sample in a conventional 3GHz desktop computer. For the second step of the algorithm (learning general features), we used an additional database of about 1000 background (non-face) images from which 24x24 patches are sampled. A cascade classifier was trained by considering 4000 faces and 4000 non-faces at each level, where the non-face samples were obtained through bootstrap. Each level in the cascade was trained to reject about half of the negative patterns, while correctly accepting 99.9% of the face patterns. A fully trained cascade consisted of 24 levels. A Haar filter corresponding to the first 18 levels of the cascade was used in our experiments, in order to achieve real-time performance. 

Mid-field Human Detection: In mid-field scenes, facial features may not be visible due to the poor resolution (Figure 5-middle). However, the lines that delimit the head and shoulders of an individual are still informative cues to find people in images. For these scenes, we developed a system for tracking and detection which locates people by scanning a window through the image and applying a head and shoulders detector at every position and scale. This detector is designed according to the same learning framework based on Adaboost learning and optimized wavelet features. Similarly to the face detector for near-field scenarios, a training set of 4000 images containing the head and shoulders region was used for training.

Far-field Person Detection: In far-field imagery, pedestrians may appear as small as 30-pixels tall (Figure 5-right). In this scenario, the camera is known to be in a fixed position, making it feasible to use background modeling techniques to segment moving objects. In, we described how our farfield surveillance system classifies blobs obtained from background subtraction into one of three classes: cars, people and groups of people.
B. System Interface 

After a static region is healed and classified as an abandoned or removed object, some conditions need to be verified before triggering an alert. These conditions are specified by the user using our system interface, which include:

· Sizes: minimum and maximum object size; 

· Regions of Interest: polygonal regions manually drawn by the user in the image (events are detected only on those regions); 

· Abandoned/Removed Time: indicates how long a foreground region corresponding to an abandoned/removed object should stay stationary in the scene in order to trigger an alert. 

In addition to the above conditions, the object class (e.g. human or non-human) can also be configured by users. If both human and non-human object classes are selected for abandoned and removed object detection, the human detection process is skipped. The conditions based on size, object class, and regions of interest are trivial to implement. For the time condition, we need to keep track of the healed static region and check whether it is persistent during the time period specified by the user. Since we use the 2 nd Gaussian distribution to detect the static regions, the time from the object has been abandoned/removed till it has been healed to the background model is determined by the model update rate, weight threshold, and the similarity of the object and the background models. This time is also counted in the alert detection.

C. Matching under Occlusions 

In order to verify the persistence of the abandoned and removed object in the scene during the time period specified by the user, we use the healed static region as a template and apply cross-correlation in each incoming frame to detect the object (or the ghost) at that specific image location. Occlusions are clearly a problem here, as they lead to low correlation scores. Let StaticTimeThr be the time duration specified by the user and OccTimeThr be the maximum allowed continuous occlusion time. After the static region is healed, in case the object is not detected (low correlation score) for a continuous time duration greater than OccTimeThr, we terminate the process and no alert is triggered. In case the object is detected, we check whether the current time since the region became stationary is greater than StaticTimeThr, in which case we trigger the alert indicating an abandoned or removed item. This process handles occlusions quite well in crowded environments, while meeting the user specified time conditions. This matching process is also important to bring a spatial, region-based analysis into the pixelwise background adaptation model. Pixelwise adaptation is very useful for handling multimodal backgrounds (like waving trees, etc.), but may also lack higher-level information about the object shape. As an example, healing may occur if different objects with different shapes but same color frequently cross a specific image location. In this scenario, the region-based matching process is essential to eliminate false stationary regions. 

D. Complement with Tracking 

In some complex scenarios of video surveillance, the false alarm rate could be high because of varying lighting, crowded traffic, cluttered background, weather condition, etc. As an example of the failed car bombing in Times Square at New York City, the police department would like to automatically detect illegal parking in a crowded urban environment all day long. The false-alarm rate can be adjusted by changing the user defined parameters, however, the detection rate decreases to 65.9% when the falsealarm rate is less than 0.5 false alarms per minute. In order to keep the detection rate and decrease the falsepositive rate, we employ an additional module by using tracking information. In the above application, we observe that genuine abandoned objects, i.e., the parked vehicles typically come into parked space with clear trajectories, while the false alarms due to random lighting variations do not associate with regular and smooth trajectories. Hence, instead of directly triggering an alarm using the heal type detection and matching process, we combine our algorithm with a tracking algorithm to further reduce the false-alarm rate. After detecting a candidate abandoned object, we further verify the detection as follows using the tracker in, but in practice any tracking algorithms can be used. The tracker tracks all the moving objects and produces the corresponding trajectories. We query the tracker with the detected abandoned object in order to retrieve the trajectories associated with it. Let v be the speed of the tracked object computed from its trajectory over a period of W frames up to the current frame, and bCross a Boolean variable indicating whether the trajectory intersects the boundary of the region of interest. We trigger an alarm if bCross = true and v >= SpeedThr, and reject the candidate otherwise. W and Speed The are user controllable parameters. In short, we check with the tracker to see if the candidate parked vehicle comes from outside the region of interest and travels at a reasonable speed. Different from previous works that use tracking to solve the generic abandoned object detection problem, in this application, we only use tracking information to provide an additional cue to reduce the false-alarm rate. The implication is that instead of using long-term trajectories, which are usually unreliable under complex environments, we consider them in a small temporal window and use them only as some of the criteria for the abandoned object detection, reducing the impact of spurious and noisy trajectories.

1.5 TEMPORAL DUAL-RATES FOREGROUND INTEGRATION METHOD 

The proposed abandoned-object detection method is based on background modeling and subtraction. The following subsection provides a conceptual review of background subtraction and the associated learning rates for updating a background model. Subsequently, the remaining subsections introduce our algorithm for identifying static foreground regions.
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A. Review of Background Modeling and Learning Rates 

Background subtraction is an essential technique for detecting moving objects in surveillance systems. To apply this technique, a pixel-based background model is typically learned from preceding images. The learned background model is used to identify whether each pixel of the incoming image is a background pixel. When a pixel in an incoming image is identified as a background pixel, the associated features (e.g., pixel color) can subsequently be used to update the background model to more suitably represent the recently observed pixel values. Given a sequence of images It (t ∈ N) of size m ×n, the principle of a general background modeling and updating procedure can be summarized as follows:
· Initialize a background model B(x, y) for each pixel (x, y), 0 ≤ x ≤ m − 1, and 0 ≤ y ≤ n − 1. 

· For every pixel (x, y) of the incoming image It , if It(x, y) ∈ B(x, y), then (x, y) is classified as a background pixel, otherwise it is considered a foreground pixel. 

· For every newly identified background pixel (x, y), update B(x, y) by considering the new training sample, It(x, y). 

· t ← t + 1, go to Step 2). 

In this procedure, a learning rate λ ∈ [0, 1] is typically applied to update the background in Step 3). The learning rate provides a tradeoff between λB and (1 − λ)It , and thus the preceding model B is tuned toward the new training data It faster when λ is smaller in the incremental updating. For example, in the MOG method proposed in, the background model B(x, y) is recorded as an mixture-ofGaussian distribution in RGB color space. The learning rate λ is applied to update the mixture-distribution model when the new color It(x, y) is observed and (x, y) is identified as a background pixel. Similar updating mechanisms exist in other methods such as Codebook, enhanced Gaussian mixture model (EGMM) algorithm, and coarse-to-fine approach.
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Background subtraction results of PETS2006-S1 video sequence
B. Long-Term and Short-Term Integration Background Modeling 

An overview of the integrated background modeling method proposed in this study. First, we describe the long- and short-term models built in our approach for static foreground detection. The proposed algorithm starts from a generic background modeling method operated at two learning rates. Without loss of generality, we select the MOG method in as our background modeling method; however, other methods equipped with learning-rate mechanisms for updating background models can be used in our framework as well. As aforementioned, a small learning rate λS updates the background model at a faster speed. The model that learns at this small rate is called the short-term background model BS, where FS denotes the binary foreground image obtained via the short-term model. By contrast, a large learning rate λL yields the model that is updated at a slower speed. Similarly, the model that learns at this rate is referred to as the long-term background model BL , where FL denotes the binary foreground image obtained using the long-term model. Figure 2 shows an example of the foreground regions obtained using the long- and short-term background models. The assembly of long- and short-term background models is suitable for detecting stationary objects. Figure 3 shows an example of an abandoned-object event. Whenever luggage is left by an owner, the long-term model detects it as a foreground object, as shown in Figure 3(c). Moreover, because of the faster updating rate, the left-luggage would be classified as a background object by the short-term model, as shown in Figure 3(d). Accordingly, a pixel is represented as a twobit code Si by concatenating the detected long- and short-term foregrounds, as follows: Si = FL (i)FS(i), (1) where FL (i), and FS(i) ∈ {0, 1} represent the binary values of pixel i of the foreground images.
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Therefore, there are four states represented by the two-bit code Si , as shown in Table I, and they are expressed as follows: 

· Si = 00 indicates that pixel i is a background pixel because it is classified as background by both BL and BS. 

· Si = 01 implies that pixel i is an uncovered background pixel that has been temporarily occluded by an object and then exposed in a recent image. 

· Si = 10 indicates that pixel i is likely to be a static foreground pixel. 

· Si = 11 indicates that pixel i corresponds to a moving object. 

When detecting abandoned objects, we are primarily concerned which pixels exhibiting a state value of 10, because 1) these are foreground pixels that have existed for a long time, as indicated by their long-term presence under the long-term model, and 2) they have not moved or vibrated for a considerable period of time; thus, the short-term model is expected to reject it soon. These properties confine the aforementioned static foreground pixel and make the state codes suitable for identifying abandoned object candidates. However, these codes are defined for a single image only. Because noise could result from imperfect background modeling, these codes could be temporary or imprecise. Hence, the pixel classifications in for single images are typically insufficient for identifying abandoned objects in an uncertain environments, which is why methods for a single or isolated images, such as that proposed in, are unreliable and frequently fail in practical cases. In this paper, we propose using temporal-continuity information to improve the performance. We assert that the code pattern in an image sequence should primarily follow a temporal rule, and that the rule is representable by a very simple finite-state machine (FSM) model.
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C. Pixel-Based Finite State Machine (PFSM) 

Instead of recognizing the status of each pixel based on only a single frame, we use temporal transition information to identify the stationary objects based on the sequential pattern of each pixel. A pixel is associated with only one state at a time. Based on long- and short-term background models, the state of pixel i can be changed from one state at time t to another state at time t + 1. Accordingly, we construct a simple FSM model to describe the behavior of each pixel. We detect the static foreground by identifying a specific pattern of transitions. The particular transition for identifying the static foreground. The transition pattern describes the static foreground in an object-abandoned event. Starting from an initial state, the system is triggered by Si = 11, indicating that pixel i is currently occluded by a foreground region. Hereafter, when a person abandons their luggage, the short term method soon updates the luggage into its background model, whereas the long-term method does not; thus, the status of this site is changes to Si = 10. Finally, when the status of Si = 10 persists for a certain duration of time (i.e., for Ts times), we then conjecture that pixel i has become a part of the static foreground. During this procedure, only those pixels associated with this particular transition pattern are considered static foreground pixels. Otherwise, the state of pixel i would return to the initial state and restart until the initial state Si = 11. The PFSM model thus describes the following rule: given a two-bit code sequence, if there is consecutive subsequence starting by a series of 11 and followed by a sufficiently long series of 10, then this subsequence is a detection of the static foreground. For each frame, those pixels accepted by the PFSM model are collected. Subsequently, we perform a connected component analysis to group those pixels and remove the small components. If no pixel is accepted by the PFSM model, or if all of the components in the current frame are too small, no further verification is performed. Otherwise, the preserved components (i.e., the static foreground pixels) are considered the abandoned luggage candidates in the current frame, and they are sent to the subsequent stage for further verification by using the back-tracing algorithm. 
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D. Back-Tracing Verification 

Next, we verify whether the luggage is abandoned or simply placed on the ground for a short time by using the back-tracing verification procedure. Accordingly, our system first verifies whether the luggage owner is close to the luggage. If the owner does not return to his or her luggage, the object is considered abandoned. To perform the aforementioned semantic analysis of the object-abandoned event, the back-tracing verification is performed as follows. The static foregrounds found in Section II-C are subsequently considered luggage candidates. When a static foreground is deemed a left-luggage candidate at time t and no other moving foreground objects are within its neighbor region of radius D, we then return from the current frame t to the preceding frame t0 = t − Ts, which denotes the moment that the owner has likely put down the luggage, where Ts is the transition-time constant employed in our PFSM model. Let the image position of the left luggage candidate be p at time t0. Centered at p, we create a spatialtemporal window W0 of size (r 2, δ), where r specifies the radius of a circle centered at p, and δ denotes the time interval [t0,t0 + δ]. Subsequently, for window W0, we consider all foreground blobs identified using the background subtraction algorithm. From these blobs, we then select the one that is approximate to the shape of human by using the height/width estimator in  and the human detector, which filter the static foreground objects that could be human.
We give a brief review of the human detection method below. The deformable part-based model (DPM) detector is one of the state-of-the-art human detection algorithms, which employs the sliding window technique with multiple filter kernels to detect the object in an image. The object to be detected is represented using a root filter and several part filters. The root filter describes the overall appearance of the object while the part filters depict partial regions of the object. The object is located when the region is voted with the highest scores by root and part filters. However, due to the number of filters adopted, the computation cost becomes extremely high. To overcome this difficulty, Dubout and Fleuret approximate the sliding window technique as a convolutional procedure. According to the theorem that time-domain convolution is equivalent to frequency-domain multiplication, the part-based human detector is speeded up by fast Fourier transform and is employed in this work. The foreground region containing human is then treated as the owner blob for further tracking, and we denote its image position as p1. If there are more than one humans detected, we simply choose the blob closest to p as the most-fit blob position p1. We extract the color distribution as a feature representation of the foreground blobs. Next, centered at p1, we creat a new spatial-temporal window W1 of the size (r 2, δ). We then employ the Bhattacharyya coefficient to identify the blob with the color distribution most similar to that of the owner in W1, and then create a window W2 centered at the newly identified blob. The aforementioned procedure is then used to track the blob representing the owner until the time exceed the original time t or until the tracked blob is outside of the neighbor region (i.e., within radius D) centered at the candidate luggage. An advantage of the aforementioned procedure is that the time interval δ is used in the spatial-temporal domain, and hence it can track the target when occlusion occurs within δ. Thus, unlike the frame-by-frame tracking approaches, such as the KF- or UKF-based approaches employed in previous studies of left-luggage detection, our approach is more powerful for handling temporary occlusions, and it is still highly efficient to implement because only the foreground blobs within a limited number of spatial-temporal windows are considered. The backtracing algorithm initiates the search for the owner from the location of the luggage, and then proceeds examining similar foreground patches. The regions denoting the owner are displayed sequentially with rainbow colors depicting various time stamps of the event. Our tracking procedure is extendable for preserving multiple hypotheses of blobs tracked simultaneously when employing a probabilistic framework such as particle filtering (PF) to represent the multiple hypotheses for dynamic tracking. However, PF is slow and cannot fulfill the real-time verification requirements of most visual surveillance applications. Hence, we use the aforementioned single-hypothesis approach, which can be generalized for more effective tracking when necessary. 

E. Abandoned Object Event Analysis 

The proposed system architecture. Once the trajectory of owner is obtained, a warning is issued that the luggage has been abandoned in accordance with the following two rules, as defined by PETS2006.
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 1) Temporal rule: The luggage is declared an unattended object when it is left by its owner, and the luggage is not reattended within time T= 30 seconds. 

2) Spatial rule: The unattended luggage is declared an abandoned object when it is left by its owner. When the distance between the owner and luggage is greater than a predefined distance D= 3 m, then an alarm event is triggered.

According to the PFSM, the temporal rule is satisfied by letting Ts = 30 f frames, where f is the frames per second (fps) at which the video is captured. The spatial rule is verified by examining the trajectory of owner. We create a luggage-centered ROI with a radius of D = 3μ pixels (where μ denotes the scaling factor to convert pixels into real-world distances), and investigate whether the owner is within and then left the ROI. An alarm is raised when both the spatial and temporal rules are satisfied.
1.6 BACKGROUND MODELING WITH VISUAL-ATTENTION ANALYSIS 

Background modeling intends to construct a complete background image that does not contain any object of interest so that foreground objects can be detected through background subtraction. The proposed background-modeling method involves the estimate of RoDs between temporally nearby frames. In the following, we first introduce the operation of RoD estimation and then introduce the proposed background-modeling method. 

A. RoD Estimation 

In this paper, we take the following steps to estimate the RoDs between two frames. First, we calculate the absolute pixelwise difference between these two frames for the three channels in hue, saturation, and value (HSV) space, respectively, from which an overall difference-image denoted by DI can be computed as follows: DI(x, y) = max(DIh(x, y), DIs(x, y), DIv (x, y)) (1) where DI(x, y) denotes the overall difference value at a pixel (x, y) in DI; DIh(x, y), DIs(x, y), and DIv (x, y) are the absolute difference values at pixel (x, y) for H, S, and V channels, respectively. Note that we generate DI by pixelwise taking the maximal value from HSV color channels, which is inspired by the winner-take-all mechanism [46] in human vision system. Then, DI is binarized to an RoD-map denoted by RM as follows: RM(x, y) = 1, DI(x, y) ≥ max(η1, η2 × max(DI)) 0, otherwise (2) where max(DI) is the maximum value in DI. η1 and η2 are two control parameters—η1 sets an absolute threshold, whereas η2 sets an adaptive threshold relative to the difference image DI.1 Finally, each connected region in RM is taken as an RoD. For convenience, we use RoD( f, g) and |RoD( f, g)| to represent the RoDs and the total area of the RoDs between two frames f and g.
B. Background Initialization 

We introduce the proposed method for background modeling and background subtraction, starting from an input long streaming video. For a long streaming video, there may be intermittent, abrupt background changes, such as those caused by sudden illumination change or camera shake. In this paper, we first divide the long video into a set of super-clips so that each super-clip does not contain abrupt background change. In this way, we can perform background modeling for each super-clip independently. Specifically, the super-clips are constructed as follows. First, the input long video is uniformly divided into short video clips Ci,i ∈ {1, 2,..., M}, with a predefined length of N frames for each video clip. A key frame ci is then selected from each video clip Ci as its representative. In this paper, we simply 1η1 = 0.1 and η2 = 0.2 are chosen empirically in our experiments. pick the middle frame fi
N/2
 as the key frame ci for the ith clip Ci = { fij}, j ∈ {1, 2,..., N}. Starting from clip C1, the key frame c1 is compared with each ci(i > 1) sequentially until reaching a clip Cp with |RoD(c1, cp)| larger than a threshold, which we empirically choose to be half of the image area. We then merge all the clips Ci(1 ≤ i < p) into the first super-clip. The second super-clip is generated similarly starting from Cp. This process is repeated until it gets to the last clip CM . The number of super-clips is further reduced by merging nonadjacent super-clips if their temporally nearest key frames are sufficiently similar, which is set to be true if the total area of their estimated RoDs is smaller than 20% of the image area. This merging process is very useful for the temporary background change, e.g., for outdoor videos, the illumination may get darker for a while and then get back to normal, and the super-clips before and after the illumination change can be merged into a longer super-clip. The key frames with the same-colored bounding boxes belong to the same super-clip. Each constructed super-clip consists of a sequence of nonoverlapped and fixed-length short video clips, each of which needs a background image to accommodate the possible slow background variations within the super-clip. For each video clip Ci , the key frame ci , which is the middle frame of Ci in this paper, is employed as its initial background image bi such that bi = ci . In the following section, we introduce a propagation algorithm to update the initial background image bi for each Ci by identifying foreground regions from bi and replacing them with underlying background regions found from other key frames.

C. Background Propagation Based on Visual-Attention Analysis 

Within a super-clip, we assume that for each pixel, there is at least one key frame on which this pixel is located in the background. Our goal is to identify such background pixels from different key frames and then combine them to form a complete background image. In this paper, we identify RoDs between adjacent background images and use these RoDs, instead of individual pixels, for constructing complete background images. Let us consider a super-clip with m clips Ci,i ∈ {1, 2,..., m} and our approach consists of: 1) a forward propagation from C1 to C2, then from C2 to C3, until it gets to Cm, followed by 2) a backward propagation from Cm to Cm−1, then from Cm−1 to Cm−2, until it gets back to C1. For each clip Ci , we construct a background image bi , which is initialized as the key frame ci . Without loss of generality, let us consider one step of forward propagation, say from Ci−1 to Ci , which only updates the background image bi , as follows. Note that when performing this step of propagation, bi−1 is not the original key frame ci . Instead, it has been updated with the finished propagations from C1 up to Ci−1.

· Calculating the RoDs between bi−1 and bi . 

· For each RoD (connected region) R, let bi−j(R), j ∈ {1, 2,..., k}, and bi(R) be the appearance of the region R on the updated background images bi−j , and to be updated background image bi , respectively.

· Constructing k new candidate background images bR (i−j)→i , j ∈ {1, 2,..., k} which are obtained by replacing the region R in bi by using bi−j(R), respectively bR (i−j)→i(x, y) = bi−j(x, y), if (x, y) ∈ R bi(x, y), otherwise. (3) 

· Calculating the background likelihood of region R on bi and bR (i−j)→i and denote them as Pi(R) and P(i−j)→i(R), j ∈ {1, 2,..., k}, respectively. Obtaining the j ∗ which has the maximal P(i−j)→i(R) by j ∗ = arg max j∈{1,...,k} P(i−j)→i(R). (4) 

· If P(i−j ∗)→i(R) > Pi(R), we update the background image bi by using bR (i−j ∗)→i. 

· Otherwise, no update to bi in terms of the region R (other RoDs between bi−1 and bi may still update bi).
Pi(R) describes the likelihood that the region R is located in background in bi. Similarly, P(i−j)→i(R) describes the likelihood that the region R is located in background in bR (i−j)→i . In this paper, we employ a visual-attention mechanism to examine whether a region catches people’s attention as a foreground object usually does. Based on this, we define the background likelihood as Pi(R) ∝ 1 SVi(R) (5) where SVi(R) is the saliency of region R in the currently estimated background image bi . To stimulate this mechanism, the saliency value of a region, which closely relates to human attention, is computed as the difference between this region and its spatial surrounding (also known as centersurround difference). In this paper, we construct the blue box by doubling the height and the width of the rectangular bounding box around the red contour (R). In the following, we elaborate on the region saliency and this background propagation process.

1) Region Saliency: To compute the center-surround difference, we calculate the image statistics in R and S, respectively. Specifically, we derive the histogram in HSV color space and then employ the χ2 distance over all the color channels to measure the center-surround difference dc(R, S) = q 1 2 b∈1,...,Nbin  Hq R,b − Hq S,b 
2 Hq R,b + Hq S,b , q ∈ {h,s, v} (6) where Hq R,b and Hq S,b denote the bth bin of the histograms of the q channel in the HSV color space for the regions R and S, respectively. Nbin is the number of bins in the histogram, which we empirically set as 32. As a global measurement, the histogram-based distance ignores the spatial information of pixels in each region. It is suggested by that pixels near the boundary between R and S are more important than the others for computing saliency. Thus, we also measure the local contrast between R and S along the contour of R as follows: dl(R, S)= l | ¯xl R − ¯xlS|,l ∈ pixels along the contour of R (7) where x¯l R =  p∈Nl∩R(hlp + slp + vlp) |Nl ∩ R| (8) x¯lS =  p∈Nl∩S(hlp + slp + vlp) |Nl ∩ S| (9) where Nl denotes the neighboring region centered at the pixel l, which we set as a 7 × 7 window empirically; hlp, slp, and vlp represent the values in the HSV space for the pth pixel in Nl . In this paper, we define the saliency of the region R in bi by combining these two center-surround distances, as SVi(R) = dc(R, S) × dl(R, S). where the region R shows much lower center-surround differences dc(R, S) and dl(R, S) on the candidate background image bR (i−1)→i [the left column of Fig. 3(b)] than on the initial estimated background image bi [the right column of Fig. 3(b)]. In this case, we need to update the background image bi in terms of the region R. 
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2) Background Propagation: By performing the forward propagation from C1 up to Cm in the super-clip, we expect that the backgrounds shown on earlier clips will be propagated to the later clips. After that, we need to perform backward propagation from Cm down to C1 since the foreground on earlier clips, such as C1, cannot be replaced by backgrounds in the forward propagation. Let us still use the forward propagation from bi−1 to bi as an example. As given in (3), we construct k candidate background images bR (i−j)→i , j ∈ {1, 2,..., k}. In this paper, we set k to be 6, i.e., we construct bR (i−j)→i , j ∈ {1, 2,..., 6} by copying region R from updated background images bi−1, bi−2,..., bi−6. In this way, we calculate the region saliency of R on these six candidate background images and the background image bi , then pick the one on which region R shows the lowest saliency (i.e., the highest background likelihood) to update bi . An example is shown in Fig. 4, an RoD R is shown on six updated background images and the to-be-updated background image bi . The saliency value of R on the candidate background images bR (i−1)→i , bR (i−2)→i ,..., bR (i−6)→i are 0.0076, 0.0074, 0.0072, 0.0073, 0.0067, and 0.0063, respectively; whereas the saliency of R on bi is 0.0639. As a result, in this step of propagation, we use the candidate background image bR (i−6)→i as the updated bi , which can also be considered as replacing the region R in bi by using the R in bi−6. It can be seen that the persons appearing at the beginning of the super-clip (e.g., ci−6) cannot be removed in forward propagation. To construct clean and complete background images, we have to perform backward propagation (from Cm down to C1). These persons will be replaced by the background if they leave the original location at some later key frames. Note that the backward propagation is performed on the background images that have been updated in the forward propagation.
CHAPTER 2
LITERATURE SURVEY

1. “ROBUST ABANDONED OBJECT DETECTION USING DUAL FOREGROUNDS” F.PORIKLI, Y. IVANOV, AND T.HAGA, 
                     As an alternative to the tracking-based approaches that heavily depend on accurate detection of moving objects, which often fail for crowded scenarios, we present a pixelwise method that employs dual foregrounds to extract temporally static image regions. Depending on the application, these regions indicate objects that do not constitute the original background but were brought into the scene at a subsequent time, such as abandoned and removed items, illegally parked vehicles. We construct separate long- and short-term backgrounds that are implemented as pixelwise multivariate Gaussian models. Background parameters are adapted online using a Bayesian update mechanism imposed at different learning rates. By comparing each frame with these models, we estimate two foregrounds. We infer an evidence score at each pixel by applying a set of hypotheses on the foreground responses, and then aggregate the evidence in time to provide temporal consistency. In, a dense optical flow map is estimated to infer the foreground objects moving in opposite directions, moving in a group, and staying stationary by predetermined rules. In, a pixel-based method for characterizing objects introduced into the static scene by comparing the background image estimated from the current frame with the previous ones is described. This approach requires storing as many backgrounds as the minimum detection duration in the memory and causes ghost detections even after the abandoned item is removed from the scene. Recently, an online classifier that incorporates a boosting-based feature selection to label image blocks as background, valid objects, and unidentified regions is presented. This method adapts itself to the depicted scene, however, fails short of discriminating moving objects from stationary ones. Classifier-based methods face with the challenge of dealing with unknown object type as such objects can vary from small luggage to ski bags.
DRAWBACKS
· These methods require solving a harder problem of object initialization and tracking as an intermediate step in order to identify the parts of the video frames corresponding to an abandoned object.
· There exists a class of problems that cannot be solved by the traditional foreground-background detection methods.
2. “DETECTION OF STATIC OBJECTS FOR THE TASK OF VIDEO SURVEILLANCE” R.H.EVANGELIO, T. SENST, AND T.SIKORA,

                           In this paper we propose a system for the detection of static objects in crowded scenes that, based on the detection of two background models learning at different rates, classifies pixels with the help of a finite-state machine. The background is modelled by two mixtures of Gaussians with identical parameters except for the learning rate. The state machine provides the meaning for the interpretation of the results obtained from background subtraction and can be used to incorporate additional information cues, obtaining thus a flexible system specially suitable for real-life applications. Detecting static objects in video sequences has several applications in surveillance systems such as traffic monitoring or public safety and has attracted the attention of a vast research in the field of video surveillance. Most of the proposed techniques aiming to detect abandoned objects in public areas are based on the combination of background subtraction with tracking information,These methods can be problematic in real-life scenes involving crowds due to the large amounts of occlusions and to the shadows casted by moving objects, which turn the object initialization and tracking into a hard problem to solve. Many of the applications where the detection of abandoned objects can be of interest like safety in public environments (airports, railway stations) impose the requirement of coping with crowds. Although this is an important classification step for an autonomous system, it is out of the scope of this paper. We thus assume that, after an initialization time, the background model only contains static objects which do belong to the empty scene. Nevertheless, we will point out later how the classification of objects being removed from the scene can be integrated in our system.
DRAWBACKS

· A drawback of this system is that temporarily static objects may also get absorbed by the long-term background model after a given time depending on its learning rate.
· To overcome this problem, the long-term background model can be updated selectively.
3.“ROBUST DETECTION OF ABANDONED AND REMOVED OBJECTS IN COMPLEX SURVEILLANCE VIDEOS” Y.TIAN, R.S.FERIS, H.LIU, A. HAMPAPUR, AND M.-T.SUN, 
                Tracking-based approaches for abandoned object detection often become unreliable in complex surveillance videos due to occlusions, lighting changes, and other factors. We present a new framework to robustly and efficiently detect abandoned and removed objects based on background subtraction and foreground analysis with complement of tracking to reduce false positives. In our system, the background is modeled by three Gaussian mixtures. In order to handle complex situations, several improvements are implemented for shadow removal, quick lighting change adaptation, fragment reduction, and keeping a stable update rate for video streams with different frame rates. Then, the same Gaussian mixture models used for background subtraction are employed to detect static foreground regions without extra computation cost. Furthermore, the types of the static regions (abandoned or removed) are determined by using a method that exploits context information about the foreground masks, which significantly outperforms previous edge-based techniques. Based on the type of the static regions and userdefined parameters (e.g., object size and abandoned time), a matching method is proposed to detect abandoned and removed objects. A person-detection process is also integrated to distinguish static objects from stationary people. The ObjectVideo surveillance system keeps track of background regions which are stored right before they are covered by an abandoned object. In case the same object is removed (i.e., the background is uncovered), the stored region can be matched with the current frame to determine that the object was removed. Clearly, this approach fails when the static object stays long enough in the scene, which makes the matching of the current frame with the stored background region more difficult due to differences in lighting. Another problem occurs when an object is already part of the initial background. For these cases, the ObjectVideo system relies on analyzing the edge energy associated with the boundaries of the foreground region for both the current frame and the background model.
DRAWBACKS
· This way we avoid any problems with lighting changes when matching the history information due to objects that stay stationary for a long time. 

· A possible solution to this problem is to use multispectral imaging to accentuate the contrast between the object and the background when they have the same color.
4. “MODELING OF TEMPORARILY STATIC OBJECTS FOR ROBUST ABANDONED OBJECT DETECTION IN URBAN SURVEILLANCE” Q.FAN AND S. PANKANTI, 
                 We propose a robust approach for abandoned object detection in urban surveillance with over thousands of cameras. For such a large-scale monitoring based on intelligent video analysis, it is critical that a system be designed with careful control of false alarms. Our approach is based on proactive modeling of temporally static objects (TSO) such as cars stopping at red light and still pedestrians in the street. We develop a finite state machine to track the entire life cycles of TSOs from creation to termination. The semantically meaningful object information provided by the state machine in turn allows adaptive region-level updating of the background model without using any sophisticated object classification techniques.
                    In comparison to traditional video surveillance methods that require constant human attention, automated visual analysis performs real-time monitoring of people, vehicles and other objects, and generates alerts when suspicious persons or abnormal activity are detected. Such automatic analysis significantly increases the effectiveness of the monitoring by reducing the number of human operators needed, thus is crucial for urban surveillance where over thousands of cameras are set up to monitor a large area on the scale of a city. By using a finite state machine (FSM), the scheme tracks the entire life cycles of TSOs from creation to termination. The state transition of a tracked object is done by efficient analysis of how well the object is matched to the foreground map at each frame. The semantically meaningful object information from the FSM is in turn fed back to the background model, enabling an effective way of adaptive background modeling on region level. As will be demonstrated later, such a two-way interaction mechanism not only leads to a remarkable reduction of pedestrian-related false alarms, but also offers a natural way to handle occlusion that has proven to be a difficult problem in AOD. A generated hypothesis is further validated in the second phase where the context information surrounding the static region is exploited to identify an abandoned object.

DRAWBACKS
· We demonstrate that our approach significantly mitigates the problematic issue of false alarm related to people in city surveillance, using both a small publicly available data set and a large one collected from various realistic urban scenarios.
· To address the challenging issues mentioned above, we propose a robust approach for abandoned object detection based on a proactive scheme to model temporally static objects (TSO).
5. “RELATIVE ATTRIBUTES FOR LARGESCALE ABANDONED OBJECT DETECTION” Q. FAN, P. GABBUR, AND S. PANKANTI,

                   We develop an approach to prioritize alerts by ranking them, and demonstrate its great effectiveness in reducing false positives while keeping good detection accuracy. Our approach benefits from a novel representation of abandoned object alerts by relative attributes, namely staticness, foregroundness and abandonment. The relative strengths of these attributes are quantified using a ranking function learnt on suitably designed low-level spatial and temporal features. These attributes of varying strengths are not only powerful in distinguishing abandoned objects from false alarms such as people and light artifacts, but also computationally efficient for large-scale deployment. With these features, we apply a linear ranking algorithm to sort alerts according to their relevance to the end-user.
                      We present a robust and efficient approach to prioritize alerts in abandoned object detection (AOD) for large scale video surveillance. AOD is one of the most important video surveillance applications and has been well studied in the literature. However, the issue of false alarms, although being well-known in industry, has been little addressed in research. Consider for instance that a well designed system yields an extremely low false alarm rate of 2 alerts/day/camera only. It will produce a total of 2, 000 alerts/day on 1, 000 cameras. Suppose that each alert can be verified quickly in 2 minutes on average, then as many as 66.67 hours are still needed for human inspection of all the alerts. This is equivalent to the workload of a team of more than 8 full-time security officers! Hence, there is an urgent need for development of highly scalable AOD approaches with low false positive rates (FPRs) for urban surveillance.

DRAWBACKS
· The issue of false positives, though a notoriously known problem in industry, may not stand out as an urgent issue to resolve in research.
· In such a way, we bypass the problem of solving the challenge of owner identification and tracking in crowded scenes and instead focus on analyzing the motion around the abandonment of an object.

2.1 EXISTING SYSTEM

· With existing surveillance systems, the cause of any incident is determined after it has happened. 

· Security personnel analyze the captured videos for suspicious activities/objects which is a passive approach. 

· There is a need of an active surveillance mechanism to enhance the safety of persons/objects in public places by detecting potential suspicious situation and generating automatic alerts

· accordingly.
· A significant challenge in the object detection technique is to segregate an abandoned or intentionally left object from several other objects that exist in the scene.

· When a person leaves a bag or any similar object at any place, proposed system analyzes it, determines the most likely position of the object and detects it as unattended. 

· In the proposed approach, foreground objects are extracted by background subtraction method.

2.1.1 Disadvantages of existing system

· In the visual surveillance research, detecting abandoned luggage is referred to as the problem of abandoned-object or left-luggage detection.
· To address this problem, foreground/background extraction techniques are suitable for identifying static foregrounds regions (i.e., objects that remain static for a long time) as left-luggage candidates.

· All methods attain high recall values; thus, reducing the occurrence of false alarms (i.e., improving the precision) is a critical problem.

· The challenge of the 11th video is caused by the crowded scene and partial occlusion problem of small objects.
· In order to overcome the security issues, there is the need for automated surveillance systems probably in the public places.
2.2 PROPOSED SYSTEM
· The proposed machine model addresses the abandoned object in an image through the extraction of foregrounds and Stationary foregrounds for the real-time monitoring systems.

· In this paper, we proposed a reliable algorithm to detect motion and find humans in the surveillance video stream and identify the left luggage.

· Detecting the new objects in the image scene is an important step in the proposed technique. First, the proposed method learns the background from the initial frames later it checks the presence of the new objects using the frame differencing technique.

· With the tracking and detection of the new objects, the proposed method also computes the position of the detected objects, the method also stores or save the object position.

· We proposed a framework to detect the abandoned luggage in the public area. The proposed system is efficient to work in the presence of occlusion, noise, and affine distortion.
2.2.1 Advantages of proposed system

· In this paper, we propose using temporal-continuity information to improve the performance.
· To the frame-by-frame tracking approaches such as the KF- or UKF employed in, our approach is superior in handling temporary occlusions and is still highly efficient to implement.

· We then employ the Bhattacharyya coefficient to identify the blob with the color distribution most similar to that of the owner in W1, and then create a window W2 centered at the newly identified blob.
· It is adequately efficient when tracking the owner by using a simple blob tracker with a human-detector verification method in a spatial-temporal window search.
· This will help to remove the noise in video frames to avoid false detection and improve the performance of the algorithm.

2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Operating System
: Windows 10
· Language : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

A. Implementation Details 

The proposed system was developed using the programming language C/C++. The overall computation speed is 29 fps when testing the video of 360×240 pixel video by using a general purpose laptop with a 2.4 GHz Intel Core-i7 processor. Various previous studies have proposed background subtraction algorithms, including MOG, Codebook, EGMM, and coarse-to-fine approach. EGMM, which is available in the Open CV library, is used in this work because of its high performance. In this study, the long- and short-term background models is constructed using EGMM, which is similar to MOG with an additional mechanism for adapting the number of Gaussian components for each pixel, instead of using a fixed number of Gaussian components for every computation. To satisfy the characteristics of dual-background models, the learning rate of each background model should differ significantly. Based on our empirical study, we restricted the learning rates λS and λL in a fixed ratio λS/λL = 1/10, and find that the short- and long-term models can be distinguished well in practice. First, we perform a preliminary experiment on the PETS2006 dataset by varying λS and λL , and evaluate the performance of the abandoned object detection. That when λS varies from 0.0001 to 0.0016 (and λL varies from 0.001 to 0.016, respectively), the precision value remains the same while the recall value becomes different, where FM is the F-measure values that can be expressed as a harmonic mean between precision P and recall R with F M = 2×P×R P+R .

This reveals that our method is highly stable in the precision, i.e., the abandoned objects detected are correct, but could miss to detect some of the abandoned objects because of the non perfect recall rate for the PETS2006 dataset when different parameters are selected. Among them, λS = 0.0002 and λL = 0.002 perform more favorable against the others. Hence, we choose this setting and use the identical parameter values for all of the experiments conducted by this study, including the experiments for the datasets of AVSS2007 and ABODA. In addition, as the goal is to detect the abandoned object, considering only the region-of-interest area is a natural way to reduce imperfect background initialization. We follow the previous studies that manually marked the train station platform in AVSS2007 and the waiting area in PETS2006 for abandoned object detection. 

B. Results on PETS2006 and AVSS2007 

We conducted experiments using the public datasets PETS2006 and AVSS2007. 
1) PETS2006: The PETS2006 dataset comprises seven sequences of various scenarios. Each sequence includes an abandoning event except the third one. In the third sequence, a person puts down his bag for a short time; because the owner dose not abandon the luggage, no alarm should be triggered. Some previous studies have evaluated their methods by selecting a limited number of sequences and showing that their methods achieve high accuracy for those sequences only. By contrast, we have evaluated all seven sequences, and our method successfully detects the luggage-left events for the entire dataset of PETS2006 without triggering any false alarms. The compared approaches are sorted in order of their corresponding F-measure values. The method in accurately detects all abandoned objects. However, their method results in several false alarms in Sequence 5 and 7; consequently, their F-measures are lower than those of the other methods. Sequence 5 and 7 are challenging to solve because of the problems with crowded scenes and occlusion. However, our temporal consistency model robustly and successfully localizes the abandoned luggage. Furthermore, our back-tracing method performs adequately and raises the alarm in a timely manner. 
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2) AVSS2007: We also tested our system by using the AVSS2007 dataset. The dataset was obtained from the i-LIDS video library, which includes several scenarios, such as abandoned luggage and parked vehicles. We evaluated the left-baggage scenario to fit the scope of this study. The abandoned-luggage dataset comprises three sequences (AB-EASY, AB-MEDIUM and AB-HARD) that are labeled with various difficulty levels according to the luggage size and crowd density. Each sequence contains only one abandoned luggage event, similar to the PETS2006 dataset. We followed the detection rules provided by i-LIDS, which stipulates that the detection area is restricted to the platform of the train station. The luggage-left event is easily detected because of the large size of luggage and less occlusion in AB-EASY. By contrast, AB-MEDIUM and AB-HARD are more difficult because they involve scenes with small pieces of luggage and dense crowds. Because of the luggage was temporarily occluded, several methods yielded false alarms, and they were thus considered less promising. However, results in several false alarms when testing the PETS2006 dataset, and the method in is evaluated using the AVSS2007 dataset only, which is considered limited in the context of comparative research. In the context of evaluating both the PETS2006 and AVSS2007 datasets, the proposed method is more effective than the previous studies for detecting abandoned objects, and achieves the best performance in general.
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C. Effectiveness of PFSM and Back-Tracing Verification 

This validates the effectiveness of the proposed PFSM model and back-tracing procedure in improving the performance of abandoned-luggage events. Hereafter, we define DualBG-only as the method that uses only the pixel classifications from the dual-background models shown in Table I in each single image to detect the abandoned objects. In addition, we define PFSM-only as the method that removes the back-tracing module in our algorithm.
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ABandoned Objects DAtaset (ABODA). The dataset consists of different scenarios include (a) and (b) outdoor environment, (c) indoor environment, and (d) sudden light changes condition.

All methods attain high recall values; thus, reducing the occurrence of false alarms (i.e., improving the precision) is a critical problem. DualBG-only provides unstable prediction caused of noisy and imperfect background subtraction processes. Compared to the PFSM-only method, the temporal transition pattern analysis is critical for detecting the abandoned objects. The PFSM effectively reduces the occurrence of false alarms, and it improves the overall precision to 50% on the PETS2006 dataset and 43% on the AVSS2007 dataset. Most of the false alarms generated by the PFSM are associated with cases of a person remaining temporarily still; for example, in Sequence 3 of the PETS2006 dataset, a person sets down his luggage and rests for a short period. Hence there should be no abandoned event in this case; however, the PFSM issues an alarm because it could not verify whether the owner had left. Therefore, combining the back-tracing function is assisted in correctly identifying the alarm event. Although tracking remains challenging in crowded scenes, however, we only need to trace the owner in the luggage-centroid ROI, in accordance with the temporal and spatial rules stipulated by PETS2006. It is adequately efficient when tracking the owner by using a simple blob tracker with a human-detector verification method in a spatial-temporal window search. The overall computation speed of our system is 29 fps.
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D. Realistic Environment Detection in Our Own Sequence 

In this study, we constructed the ABandoned Objects DAtaset (ABODA) for further reliability evaluation.1 ABODA comprises 11 sequences labeled with various real-application scenarios that are challenging for abandoned-object detection. The situations include crowded scenes, marked changes in lighting condition, night-time detection, as well as indoor and outdoor environments. The owner places his bag down and converses with another person before leaving the scene without his bag. The stationary people stops beside the light rays, and shadows are thus produced behind them. In this case, the shadows are similar to an abandoned object that is “dropped” near the people, which is also a difficult situation for abandoned-object detection algorithms. The detection results in Table VII show that the overall precision P and recall R are 66.67% and 100%, respectively. The proposed method successfully recalls all of the abandoned objects for both outdoor and indoor environments. In the experiments, few false alarms are raised, which were primarily caused by sudden changes in illumination conditions and crowded scenes. In general, our static foreground detection is based on long- and short-term background modeling. Whenever the light was suddenly turned off, the detection scene became completely dark. Because of its fast learning rate, the short-term background model adapted this condition quickly; however, the long-term background model could not work well, and it extracted several inaccurate foregrounds. These inaccurate foregrounds retained a state S = 10 for a while; consequently, the state transition of these foregrounds was similar to that of the static foreground. Figure 16 shows that this condition may have affected the FSM analysis, thereby causing several false alarms. An intuitive solution would be speeding up the learning rate of the long-term background model when the illumination conditions change suddenly. However, this method may be unreliable because both background models would treat the abandoned object as a background object. Therefore, addressing considerable changes illumination remains a challenging issue in our framework. The challenge of the 11th video is caused by the crowded scene and partial occlusion problem of small objects. In this video, there are a crowd of people waiting in line at the information desk, and the videos were taken by a distant camera. The crowded people (together with specular lightings) cause unperfect background subtraction, as shown in Figure 17. The small object size and partial occlusion also makes the owner identification and tracking highly demanding. Hence, handling more complex crowded scenes with intensively partial occlusions still remains a challenging problem. 
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E. Performance Comparison With Different Background Subtraction Methods 

Background modeling plays an important role in the proposed system. The performance of employing different background models in our framework are shown as follows. We have implemented another popular background-modeling method, Codebook [13], for performance comparison. Both EGMM and Codebook gather a series of colors for each pixel and then employ on-line mixture-distribution or clustering to find the candidate colors for per-pixel model building. Codebook has also the parameters controlling the background updating speed. Hence, it can be used for generating long- and short-term background models as well. 
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Unlike EGMM that treats the colors inside a spherical region centered at a candidate color C as the background colors, Codebook treats the colors inside a cylindrical region centered at C as the background colors. Because the shadow (or lighting) could cause a pixel’s color to shift toward (or far away from) the origin in the RGB color space, Codebook claims that a cylindrical region with its axis passing through the origin can avoid generating false foreground pixels caused by shadow or lighting.
However, a drawback of Codebook is that it tends to generate fragmented foregrounds because neighbor pixels are apt to be inconsistent in the background subtraction results. We conduct the experiment on PETS2006 dataset for performance comparison of EGMM and Codebook. The fragments are getting increased when the learning rate is slower, particularly for the long-term model. The noisy foreground regions generated from Codebook make our method fail to infer the static foreground pixels. Therefore, we recommend to employ EGMM due to its better performance for dual-rate background modeling.
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CHAPTER 6

RESULT AND DISCUSSION 
Digital image processing is the use of computer algorithms to perform image processing on digital images. As a sub category or field of digital signal processing, digital image processing has many advantages over analog image processing.
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Simple image output
It allows a much wider range of algorithms to be applied to the input data and can avoid problems such as the build-up of noise and signal distortion during processing. Since images are defined over two dimensions (perhaps more) digital image processing may be modeled in the form of multidimensional systems.
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Median Filtered output
The median filter is a nonlinear digital filtering technique, often used to remove noise from an image or signal. Such noise reduction is a typical pre-processing step to improve the results of later processing (for example, edge detection on an image). Median filtering is very widely used in digital image processing because, under certain conditions, it preserves edges while removing noise (but see discussion below), also having applications in signal processing.
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Foreground image output

Morphological image processing is a collection of non-linear operations related to the shape or morphology of features in an image. Morphological operations rely only on the relative ordering of pixel values, not on their numerical values, and therefore are especially suited to the processing of binary images. Morphological operations can also be applied to grey scale images such that their light transfer functions are unknown and therefore their absolute pixel values are of no or minor interest.
[image: image24.png]ORPHOLOGICAL





Morphological object output

The identification of objects within an image can be a very difficult task. One way to simplify the problem is to change the gray scale image into a binary image, in which each pixel is restricted to a value of either 0 or 1. The techniques used on these binary images go by such names as: blob analysis, connectivity analysis, and morphological image processing (from the Greek word morphē, meaning shape or form). The system processes video imagery from the cameras and can then detect certain moving objects. The version of the system that uses the Around View Monitor analyzes video signals in an image-processing unit from the four cameras attached to the front, rear and both side-view mirrors of the vehicle.
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Moving object output

CHAPTER-7

CONCLUSION
CONCLUSION
This paper presents a temporal consistency model combining a back-tracing algorithm for abandoned object detection. Characteristics of the proposed approach are summarized as follows: 
· The temporal consistency model is described by a very simple FSM. It exploits the temporal transition pattern generated by short- and long-term background models, which can accurately identify static foreground objects. 
· Our back-tracing algorithm iteratively tracks the luggage owner by using spatial-temporal windows to efficiently verify left-luggage events. 
· The experimental results show that our approach outperforms previous approaches using the PETS2006 and AVSS2007 datasets. 
· In addition, we constructed a novel publicly available dataset, entitled ABODA, comprising plentiful abandoned-object detection situations to assist validating the effectiveness of various approaches for this research direction. 
In the future, we plan to enhance our method for handling more challenging situations such as sudden changes in lighting and overly crowded scenes.
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