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ABSTRACT:
Human pose estimation in images is challenging and important for many computer vision applications. Large improvements in human pose estimation have been achieved with the development of convolutional neural networks. Even though, when encountered some difﬁcult cases even the state-ofthe-art models may fail to predict all the body joints correctly. Some recent works try to reﬁne the pose estimator. GAN (Generative Adversarial Networks) has been proved to be efﬁcient to improve human pose estimation. However, GAN can only learn local body joints structural constrains. In this paper, we propose to apply Self-Attention GAN to further improve the performance of human pose estimation. With attention mechanism in the framework of GAN, we can learn long-range body joints dependencies, therefore enforce the entire body joints structural constrains to make all the body joints to be consistent. Our method outperforms other state-of-the-art methods on two standard benchmark datasets MPII and LSP for human pose estimation.









EXISTING SYSTEM:
ChArUco boards are used for camera calibration, monocular pose estimation, and pose verification in both robotics and augmented reality. Such fiducials are detectable via traditional computer vision methods (as found in OpenCV) in well-lit environments, but classical methods fail when the lighting is poor or when the image undergoes extreme motion blur. We present Deep ChArUco, a real-time pose estimation system which combines two custom deep networks, ChArUcoNet and RefineNet, with the Perspective-n-Point (PnP) algorithm to estimate the marker's 6DoF pose. ChArUcoNet is a two-headed marker-specific convolutional neural network (CNN) which jointly outputs ID-specific classifiers and 2D point locations. The 2D point locations are further refined into subpixel coordinates using RefineNet. Our networks are trained using a combination of auto-labeled videos of the target marker, synthetic subpixel corner data, and extreme data augmentation.

DISADVANTAGE:
· high blur and fast motion senarioes it is hard to estimate the position of the corresponding object.









PROPOSED SYSTEM:
Despite of these great progresses, there still exist some challenging cases, such as ambiguities caused by occluded body joints, invisible joints, nearby persons and clutter backgrounds, where even the state-of-the-art models may fail to predict the body joints correctly. The main reasons lie in: 1) these ‘‘hard’’ joints cannot be simply recognized based on their appearance features only; 2) these ‘‘hard’’ joints are not explicitly addressed during the training process. One of the straightforward and efﬁcient ways to handle these ‘‘hard’’ cases maybe combining body joints structural constraints into the training process to make the predicted poseplausible.

ADVANTAGE:
· Attention mechanism has been proven effective and successfully applied in many computer vision.
· Finally we adopt the attention strategy by putting the attention module at the end of the hourglass networks.










SYSTEM SPECIFICATION
HARDWARE CONFIGURATION:
1. Processor             -	     I5
1. Speed	           -    3 GHz
1. RAM	           -    8 GB(min)
1. Hard Disk            -     500 GB
1. Key Board		-    Standard Windows Keyboard
1. Mouse		-   Two or Three Button Mouse
1. Monitor	            -   LCD

SOFTWARE CONFIGURATION
1. Operating System: Linux, Windows/7/10
1. Server: Anaconda, Jupyter,pycharm
1. Front End: tkinter |GUI toolkit
1. Server side Script: Python , AIML
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