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Abstract

Abstract

With the developmendf socid economy more and more population move into
city. And with the accelerating urbanizatidraffic congestion has beconaedifficult
problem inthe field of transportationA wide range of vehicle detection can timely
obtain the traffic informationimprove the traffic safety, and also has important
significance for urban planninBecentlydeep learning has been heavily used in object
detectionand deep convolutional neural network is a specific model of deep learning
which is very suitable famage processindt has a higly learning capacityWe apply
it into vehicle detection in remote sensing imadedirst, we will extract road region
from the original imagerhis operation can reduce the amount of datd, alsaeduce
the false alarmvehicle detection is divided into location and recognitiarthis paper,
we use superpixel method lacate the position of the potential vehicle windéwd
using deep convolutional neural network to deal with the recognition probleento
less imagalata we have in our hangde do the data augmentation during training the
deep convolutional neural networkhe network will classify the candidate window
whether it is vehicle or nothan we will use the nemaximum suppression to get the
final result.The main contents of this dissertation are as follows:

1. Based on superpixel method and support vector machine, we extract the road
region. And using Hough transform extract the line to improve the performance of road
region.

2. We detailed describes ttdeep conwelutional neural network method. We use
data segment and then make it modified in order to dealrefiticle detectiom remote
sensing image

3. We apply superpixel method into extracting road region and vehicle detection to
accelerate the peess of the subsequent algorithm.

Key words RemoteSensing Vehicle DetectionSuperpixél Deep Convolutioal

Neual Networlks
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