POTHOLE DETECTION AND DIMENSION ESTIMATION SYSTEM USING DEEP LEARNING (YOLO) AND IMAGE PROCESSING
ABSTRACT: 
The world is advancing towards an autonomous environment at a great pace and it has become a need of an hour, especially during the current pandemic situation. The pandemic has hindered the functioning of many sectors, one of them being Road development and maintenance. Creating a safe working environment for workers is a major concern of road maintenance during such difficult times. This can be achieved to some extent with the help of an autonomous system that will aim at reducing human dependency. In this paper, one of such systems, a pothole detection and dimension estimation, is proposed. The proposed system uses a Deep Learning based algorithm YOLO (You Only Look Once) for pothole detection. Further, an image processing based triangular similarity measure is used for pothole dimension estimation. The proposed system provides reasonably accurate results of both pothole detection and dimension estimation. The proposed system also helps in reducing the time required for road maintenance. The system uses a custom made dataset consisting of images of water-logged and dry potholes of various shapes and sizes.








EXISTING SYSTEM:
According to the previous sections, we [8]realize that
learned ﬁlters on such as large dataset are transferable into
other image classiﬁcation domains.
It is common to see water trapped on roads after rain. Potholes are the main reason behind trapped rainwater on roads. In general, it is advisable to avoid these water pools when driving. This research presents a vision-based Advanced Driver Assistance System that detects the water pools on asphalt roads. The presented system will assist drivers to take evasive action. Since most of the automobiles come with a camera system, we propose image-based simple machine learning architecture to detect water pools. The paper analyses the contribution of edge features, texture features and Gabor filtered features for the detection of the water surfaces. Initially, these features are ranked according to their importance. Next three Random Forest Classifier models are created and trained using a random number of features from the feature set according to their ranks. Training accuracy of all 3 models varies from 0.94-0.99 indicating a promising outlook for the given application.
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learned ﬁlters on such as large dataset are transferable into
other image classiﬁcation domains. Thus, in this work, we
use the DenseNet-121,ResNet50,DenseNet169 and GoogleNet
[1] model pre-trained on ImageNet ILSVRC [2], feed-forward
images into the model and extract the features from the last
layers (last two,four and six layers) which called ﬁne-tuning.In
ﬁne-tuning we ﬁx the pre-train weight of the all layers expect
of the last layers, number of the tuned layer depend on the
size of image dataset, If we have a very small image datasets,
we just update the last layer and ﬁx the weight of remaining
layers. Hence,In the next section, we discuss about results of
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DISADVANTAGE:
· It will take lot time to reach to the bottom.
· This is important to note that the initial data in these experiments were relatively small.










PROPOSED SYSTEM:
The world is advancing towards an autonomous environment at a great pace and it has become a need of an hour, especially during the current pandemic situation. The pandemic has hindered the functioning of many sectors, one of them being Road development and maintenance. Creating a safe working environment for workers is a major concern of road maintenance during such difficult times. This can be achieved to some extent with the help of an autonomous system that will aim at reducing human dependency. In this paper, one of such systems, a pothole detection and dimension estimation, is proposed. The proposed system uses a Deep Learning based algorithm YOLO (You Only Look Once) for pothole detection. Further, an image processing based triangular similarity measure is used for pothole dimension estimation. The proposed system provides reasonably accurate results of both pothole detection and dimension estimation. The proposed system also helps in reducing the time required for road maintenance. The system uses a custom made dataset consisting of images of water-logged and dry potholes of various shapes and sizes.
ADVANTAGE:
· In algorithm with transfer learning achieves a significant accuracy of 96.75%.
· [bookmark: _GoBack]The LBP algorithm assigns labels to every pixel of an image using the threshold of neighbor pixels around the center pixel value and forms a binary number.










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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