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Traffic Forecasting and Decision making of investment and construction of Tourism Highway under the Background of Artificial intelligence






ABSTRACT

Passenger  traffic  fore casting  and  decision-making  of investment and construction of the tourism highway under the background  of  artificial  intelligence  is  studied  in  this  paper.  As  an  important  information  asset,  big  data  is  expected  to  provide  people  with  comprehensive,  accurate,  and   real-time  business  insights  and  decision  guidance.  The  value  of  big  data  lies  in  its  decision-making  usefulness,  and  the  knowledge  contained  in  it  can  be  discovered  through  analysis  and  mining  can  provide  decision support for  various practical applications. Forecasting is based  on  past  and  present  conditions  to  then  make  predictive  judgments   about   future   development.   This   paper   used   the   prediction model to construct the framework of decision making. The experimental results have proven the ineffectiveness.












CHAPTER-1
INTRODUCTION

Traffic jam is a well-known problem in all major cities. There have been continuous efforts to improve and  mitigate  traffic  condition;  still  there  are  rooms  for  improvement.  Appropriated  vehicle  routing  system  in  logistics  may  contribute  to  reduction  in  traffic  jam  and  transportation  cost.  With  rising  gasoline prices, the need for an effective routing system to help reduce traffic congestion is becoming increasingly important.  In  Bangkok,  there  are  two  sources  of  real-time  traffic  information:  Camera  Detectors  (Closed  Circuit  Television: CCTV) and Radio-frequency identification (RFID) Detectors. The first one is from Bangkok Metropolitan  Administration  (BMA)  and  provided  online  via  National  Electronics  and  Computer  Technology Center (NECTEC). The system is based on camera detectors which are all over Bangkok for  more  than  10,000  stations;  however,  the  only  traffic  information  recorded  by  these  detectors  is  occupancy  level  in  a  form  ‘H’  (traffic  jam),  ‘M’  (moderate  congestion)  and  ‘L’  (low  congestion).  And  they  are  updated  in  every  five  minutes.  The  occupancy  level  is  calculated  by  processing  image,  estimates the traffic density, judges the occupancy level and store in information in ‘L’, ‘M’, or ‘H’. The accuracy  of  information  is  still  in  doubt  because  there  is  no  process  that  can  validate  it;  and  the  information  is  too  rough  for  predicting  traffic.  Normally,  every  single  camera  detector  needs  to  be  calibrated in order to detect accurate occupancy ratio, traffic volume and traffic flow speed. Another  source  of  online  traffic  information  is  from  Burapha  Advanced  Logistics  Labs  (BAL-Labs).  BAL-Labs are providing the traffic flow speed in five minutes interval. This detector system is initiated by  Department  of  Land  Transport  cooperate  with  BAL-Labs  for  detecting  public  bus  and  van  speed.  Method of gathering information here is the RFID Sensor Network; consisting of four elements: Base Stations,  RFID  tags,  Central  Control  Center,  and  Software.  RFID  readers  are  installed  in  the  Base  Stations. RFID tags are installed in the buses, commuter van, and trucks. Concerns should be taken when  analyzing  the  data  close  to  intersection.  To  illustrate,  if  the  gather  the  information  around  the  intersection, the flow speed might be very fluctuate because when it might calculate the speed at time 0  when  the  light  is  green  and  then  calculate  again  at  time  5  when  the  light  might  be  red.  The  advantage  of  the  bus  and  van  are  the  steady  of  information;  however,  the  disadvantage  is  that  they  have to stop at every bus stop and is likely to drive slower than private cars. In this study, we review, select source of real-time traffic, find the relationship between traffic speeds with/without weather data in multiple time periods in order to identify the parameters that could affect the traffic condition.

TRAFFIC FLOW PREDICTION
Real-time spatio-temporal measurements of traffic flow speed are available from in-ground loopdetectors or GPS probes.  Commercial traffic data providers, such as Bing maps Microsoft Re-search[2016], rely on traffic flow data, and machine learning to predict speeds for each road seg-ment. Real-time (15-40 minute) forecasting gives travelers the ability to choose better routes andauthorities the ability to manage the transportation system. Deep learning is a form of machinelearning which provides good short-term forecasts of traffic flows by exploiting the dependency n the high dimensional set of explanatory variables, we capture the sharp discontinuities in traf-fic flow that arise in large-scale networks. We provide a variable selection methodology based onsparse models and dropout.The goal of our paper is to model the nonlinear spatio-temporal effects in recurrent andnon-recurrent traffic congestion patterns. These arise due to conditions at construction zones,weather, special events, and traffic incidents. Quantifying travel time uncertainty requires real-time forecasts. Traffic managers use model-based forecasts to regulate ramp metering, apply speedharmonization, and regulate road pricing as a congestion mitigation strategy; whereas, the gen-eral public adjusts travel decisions on departure times and travel route choices, among otherthings.Deep learning forecasts congestion propagation given a bottleneck location, and can providean accurate forty minute forecasts for days with recurrent and non-recurrent traffic conditions.Deep learning can also incorporate other data sources, such as weather forecasts, and police re-ports to produce more accurate forecasts. We illustrate our methodology on traffic flows duringtwo special events; a Chicago Bears football game and an extreme snow storm event.To perform variable selection, we develop a hierarchical sparse vector auto-regressive tech-nique Dellaportas et al.[2012], Nicholson et al.[2014]as the first deep layer. Predictor selectionthen proceeds in a dropout Hinton and Salakhutdinov[2006]. Deep learning models the sharpdiscontinuities in traffic flow are modeled as a superposition of univariate non-linear activationfunctions with affine arguments. Our procedure is scalable and estimation follows traditionaloptimization techniques, such as stochastic gradient descent. The rest of our paper is outlined as follows. Section 1.2 discusses connections with existingwork. Section 1.3 reviews fundamentals of deep learning. Section 2 develops deep learning predictors for forecasting traffic flows. Section 3 discusses fundamental characteristics of traffic flowdata and illustrates our methodology with the study of traffic flow on Chicago’s I-55. Finally,Section 4 concludes with directions for future research.






CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

The rapid pace of developments in Artificial Intelligence (AI) is providing unprecedented opportunities to enhance the performance of different industries and businesses, including the transport sector. The innovations introduced by AI include highly advanced computational methods that mimic the way the human brain works. The application of AI in the transport field is aimed at overcoming the challenges of an increasing travel demand, CO2 emissions, safety concerns, and environmental degradation. In light of the availability of a huge amount of quantitative and qualitative data and AI in this digital age, addressing these concerns in a more efficient and effective fashion has become more plausible. Examples of AI methods that are finding their way to the transport field include Artificial Neural Networks (ANN), Genetic algorithms (GA), Simulated Annealing (SA), Artificial Immune system (AIS), Ant Colony Optimizer (ACO) and Bee Colony Optimization (BCO) and Fuzzy Logic Model (FLM) The successful application of AI requires a good understanding of the relationships between AI and data on one hand, and transportation system characteristics and variables on the other hand. Moreover, it is promising for transport authorities to determine the way to use these technologies to create a rapid improvement in relieving congestion, making travel time more reliable to their customers and improve the economics and productivity of their vital assets.
2.1.1 DRAWBACKS OF EXISTING SYSTEM 
Transportation problems become a challenge when the system and users’ behavior is too difficult to model and predict the travel patterns.





2.2. PROPOSED SYSTEM

This paper provides an overview of the AI techniques applied worldwide to address transportation problems mainly in traffic management, traffic safety, public transportation, and urban mobility. The overview concludes by addressing the challenges and limitations of AI applications in transport.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM

· This is important to overcome the issue of a continuously rising demand with limited road supply. This includes better utilization of accurate prediction and detection models aiming to better forecast traffic volume, traffic conditions, and incidents.
· Applications of AI aiming to improve public transport is also discussed. It is due to the fact that public transportation is regarded as a sustainable mode of mobility.






CHAPTER 5
CONCLUSION 
CONCLUSION


Forecasting traffic in cellular networks is becoming increasingly important to dynamically allocate network resources and timely respond to exponentially growing user demand. This task becomes particularly difficult as network deployments density and the cost of accurate monitoring steepens. In this paper, we proposed a Spatio-Temporal neural Network (STN), which is a precise traffic fore-casting architecture that leverages recent advances in deep neural networks and overcomes the limitations of prior forecasting techniques. We introduced an Ouroboros Training Scheme (OTS) to fine-tune the pre-trained model. Subsequently, we proposed a DoubleSTN (D-STN), which employs a light-weight mechanism for combining the STN output with historical statistics, thereby improving long-term prediction performance. Experiments conducted with publicly available 60-day long traffic measurements collected in the city of Milan and the Trentino region demonstrate the proposed(D-)STN provide up to 61% lower prediction errors as compared to widely employed ARIMA and HW-ExpS methods, while requiring up to 600 times shorter ground truth measurement durations.
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