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Abstract

:

Old areas of metropolises play a crucial role in their development. The main factors restricting further progress are primitive road transportation planning, limited space, and dense population, among others. Mass transit systems and public transportation policies are thus being adopted to make an old area livable, achieve sustainable development, and solve transportation problems. Identifying old areas of metropolises as a research object, this paper puts forth an improved ant colony algorithm and combines it with virtual reality. This paper predicts traffic flow in Yangpu area on the basis of data obtained through Python, a programming language. On comparing the simulation outputs with reality, the results show that the improved model has a better simulation effect, and can take advantage of the allocation of traffic resources, enabling the transport system to achieve comprehensive optimization of time, cost, and accident rates. Subsequently, this paper conducted a robustness test, the results of which show that virtual traffic simulation based on the improved ant colony algorithm can effectively simulate real traffic flow, use vehicle road and signal resources, and alleviate overall traffic congestion. This paper offers suggestions to alleviate traffic congestion in old parts of metropolises.
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1. Introduction


1.1. Research Background


With the development of economies and advancement of urbanization, the disadvantages faced by metropolises are becoming increasingly prominent; they include urban population expansion, traffic congestion, environmental pollution and other problems, known internationally as “urban diseases” [1]. Among these issues, traffic congestion is a major focus of discussion. Due to the indispensable characteristics of traffic, solving traffic congestion has always been the main focus of metropolises’ efforts [2]. The rapid concentration of large populations and industries in central cities is accompanied by the increasing demand for adequate transportation. However, the dismal conditions of several cities result in drawbacks such as unreasonable road transportation planning, unbalanced supply and demand, and lagging management. Frequent traffic accidents, noise pollution, and other related problems hinder the implementation of efficient travel and logistic measures and cause great hassles to people living in metropolises [3]. It should be made clear that an inefficient travel system is the cause of traffic congestion, which increases fossil energy consumption and thus exacerbates “urban diseases” in metropolises [4].



Modern road transportation planning systems find easing traffic congestion in old areas of metropolises to be a major problem. Economic development inevitably causes metropolises to expand outward, resulting in traffic congestion in old areas [4]. Road transportation planning in new urban areas prevents congestion because it is regulated in advance. However, steps to ease traffic congestion in old areas have long been neglected. These parts of a city have historical significance and serve as venues for all kinds of urban functions, showcasing the metropolises’ important commercial, cultural, medical and educational resources. This relationship with history is another reason developing and implementing transportation facilities is difficult. The high-intensity traffic demand brought about by the high concentration of urban functions impacts the weak traffic infrastructure. In addition, the existing land layout in an old area makes it particularly difficult to alleviate traffic congestion [5].



At present, old areas host most of a metropolis’ population. For example, in Beijing, China, the population of an old area is 28,000 people per square kilometer. A large number of people results in more pressure on traffic in the area. In addition, this traffic is characterized by limited space for traffic development, low road network density, and poor systemicity of spur tracks (this directly leads to high repetition of the bus network and limited development of public transportation). Old areas also face parking difficulties and related chaos, further leading to traffic congestion [6]. How to deal with challenges in traffic development in old parts of metropolises is an issue that needs to be considered. This paper, thus, explores and optimizes a road transportation planning algorithm, making use of the unique advantages offered by the improved ant colony algorithm to simulate traffic characteristics of old areas. Yangpu District of Shanghai, one of the largest metropolises in China, is herein studied as an example; actual data are used to test and provide countermeasures to alleviate traffic congestion in old parts of metropolises.




1.2. Review of Road Transportation Planning Theory


In the 1970s, Hobbs and other scholars mainly focused on planning regulations and focused on solving the problem of choice in road transportation planning [7]. Kerner put forward a theory of traffic regulation in the form of syllogism, discussed the empirical basis of the three-phase traffic theory and its temporal and spatial characteristics, and proposed the probability theory of highway capacity [8]. Taking the expressway as a sample, Flaherty [9] gave a detailed introduction on the organic unity of the accessibility, feasibility and low cost of transportation planning. Anonymous explored the new transportation plan and its restrictions in Texas, US, from a law perspective [10]. Other scholars explored the impact of transportation on people’s lives and travel, based on public perspectives. They believed that reassessing transportation methods will reduce the consistency of accidents [11]. The emergence of a traffic flow model greatly increased the number of research works on road transportation planning.



With the advancement of technology, traffic flow models are becoming mainstream and some practical cases have been applied [12]. For example, in the long-term transportation planning of Helsinki, the road transportation planning model can achieve its maximum value [13]. In addition, some traffic models have appeared and become important aspects of traffic planning, such as unbalanced traffic model [14], traffic optimization model [15].




1.3. Review of Ant Colony Algorithm


Ant colony algorithm is a type of heuristic algorithm. To clarify the principle of ant colony algorithm, we first reviewed the related theory of heuristic algorithm. The heuristic algorithm is different from traditional computer science. Heuristic algorithm performs all operations and obtains all possible alternative answers. However, it still has drawbacks that is, it cannot be judged whether it can get an error solution and cannot judge its execution speed each time. In some special cases, heuristic algorithms may be trapped in local optimums, resulting in poor or inefficient answers [16]. Heuristic algorithms have many derivative algorithms, including simulated annealing algorithm, genetic algorithm, ant colony algorithm, artificial neural network and so on.



The ant colony algorithm is a random search algorithm based on population bionics. The so-called bionic algorithm was proposed in the 1950s. Many scholars not only found the inspiration for improving artificial systems from the perspective of biological behavior, but also found a simulation evolutionary algorithm that was suitable for complex problems in the real world. In the 1990s, a bionic algorithm, simulated the behavior of ant colonies, has attracted widespread attention. The optimal path planning can be achieved by simulating the process of ants searching for information left in the food [17].



Dorigo compared the advantages and disadvantages of ant colony algorithm with other heuristic algorithms. It showed the pros and efficiencies of ant colony algorithm in dealing with specific optimal paths through real data. The ant colony algorithm is self-organized. It can be continuously evolved and is optimized to improve the convergence of the algorithm under non-strict mathematical definition. It is often used to solve complex problems such as traveling salesman problem (TSP) and the assignment problem. Some scholars also applied the ant colony algorithm to network routing problem, robot path problem, power distribution and other fields.



The ant colony algorithm has also been improved in different types, such as Ant Colony System, Max-Min Ant System, etc. Hermes proposed the Rank-based Ant System, which reordered the pheromone after iteration and updated the pheromone according to the existing settings [18]. Cordo put forward the Best-Worst Ant System, which used mathematical principles to volatilize the least pheromone part in each path update for more optimal path selection. Other scholars have refuted the Best-Worst Ant System proposed by Cordo. Montgomery believed that the Best-Worst Ant System had its drawbacks, such as insufficient convergence. Montgomery assumed that it was better to limit the pheromone of all roads to a certain range instead of volatilizing the least pheromone part, so that the model was more convergent, thus enhancing the stability of the model [19]. CutJahr demonstrated the convergence of the ant colony algorithm in 1999. Stuezle proposed a simple and more versatile ant colony algorithm, which can be iterated and updated multiple times to obtain the optimal solution under the premise of minimization [20].



However, the purpose of the traditional ant colony algorithm or improved ant colony algorithm is to seek the shortest path among multiple paths, or to seek a convergence speed optimization method. Few scholars pay attention to the practical problems of traffic congestion, and use optimization algorithms to solve the large number of traffic congestion phenomena in reality. Therefore, how to plan an optimal path in a complex traffic network and the traffic congestion in the old area of metropolis can be solved are the most important problem at present.




1.4. Review of Existing Literature


Focusing on the issues related to road transportation planning in the old area of metropolis, this paper arranges the literatures on reports, laws and regulations of various countries in the world. It shows that the existing research has provided a certain theoretical basis for the innovative exploration of easing traffic congestion in the old area of metropolis, but it still needs to further deepen and expand.



First, most of the existing research are macro research although there are accumulations in the theoretical basis and technical application of road transportation planning research in various countries it has a leading role, but it can rarely be applied to practical. In this context, the comprehensive use of data science and algorithms has become an important way of road transportation planning. To make traffic planning concrete and visualized, this paper will start with a specific algorithm and try to combine data science and road simulation.



Second, ant colony algorithm and mathematical models are rarely used in metropolises, especially the application of simulation [21]. In the process of simulation, data collection, sorting and processing is required, so that the interactive subject relationships involved in the complicated traffic are captured, and hence, the characteristics of metropolises traffic disintegration can be analyzed in detail. This paper focuses on empirical research and explores the solution process of using large-scale data and simulation modeling.



Third, the easing of traffic congestion in the old area of metropolis is a continuous and dynamic process from the perspective of mathematical models and computer simulations. The introduction of new image processing makes the computer simulation process more intelligent. These tasks require a certain amount of data accumulation, which is one of the future directions of this paper.





2. Improved ant colony algorithm


2.1. Basic Principles of Ant Colony Algorithm


In the process of searching for food, the ant colony will leave residual "pheromone" [22]. "Pheromone" is a kind of tangible substance and is unique to ant colonies to guide others paths. Other ant colonies pass through the path and then determine the direction of the search by perceiving the "pheromone". "Pheromone" has a distinction of concentration, which is an amount that can be accumulated indefinitely. Each ant passes through this path and leaves its unique "pheromone". The path of more ants, the higher the concentration of "pheromone". This cycle is similar to guidance, and a large ant colony can find the shortest path with this kind of guidance. According to the classical literature [23], the search process is expressed by mathematical model:



Suppose m as the number of ant colonies, and n equals the number of cities. We set pheromone (initialization) as τij(0). In the beginning, the pheromone on each path is equal to τij(0)=C, and C is a constant. The distance between cities is dij(i,j=1,2,⋯,n).Pijk is the transition probability of ant k(k=1,2,⋯,m) from city i to city j at t time:


Pijk(t)={τijα(t)ηijβ(t)∑s∈allowedkτisα(t)ηisβ(t),j∈allowedk0,otherwise











Suppose allowedk=(0,1,⋯,n)−tabuk as all the possible cities that ants will visit. Suppose tabuk as a taboo table. It means that no longer allows the ants to pass the same path in the current cycle. When all the cities are added to the list of tabuk, the ants complete the trip. ηij is a heuristic factor indicating the degree of ants transferring from i city to j. Generally speaking, it is the derivative of the distance dij between i city and j.α and β indicate the relative importance of the pheromone value and the heuristic factor in the path. The pheromone in each path is updated after all ants have traveled:


{τij(t+1)=(1−ρ)τij(t)+Δτij(t,t+1),ρ∈(0,1)Δτij(t,t+1)=∑k=1mΔτijk(t,t+1)











Suppose ρ as the volatilization coefficient of the pheromone in the path. Suppose Δτijk as the concentration of the pheromone remaining in the path of ants.




2.2. Improve Transition Rules


Local optimization is an inevitable problem of ant colony algorithm. To avoid ant colony algorithm from getting into trouble again, we must improve the algorithm and mathematical formula and introduce new parameters Q. A random number is generated in the closed interval 0 to 1, and the random number is recorded as the new parameter Q. Suppose q as the ant visibility. When q<Q, the ant selects the next step according to the value of q.




Pijk(t)={τijα(t)ηijβ(t)∑s∈allowedkτisα(t)ηisβ(t),j∈allowedk,q>Qηij(t)∑s∈allowedkηis(t),j∈allowedk,q≤Q0,otherwise









Due to the existence of Q, disturbances of different degrees may occur in the process of operation. At that time, ants can judge only through the visibility when selecting the upcoming path. Although the selectable path and range were narrowed [24], the convergence speed and accuracy of the operation are speeding up. Besides, if we limit the error, the model and algorithm will not produce errors in the actual measurement process and avoid the algorithm falling into local optimum in a short time.




2.3. Improve Pheromone Rule


Another problem that cannot be ignored in the ant colony algorithm is that the time complexity is high and it has a very slow convergence speed, so it must be globally converged when the algorithm is improved [25]. Similar to the hill-climbing algorithm, it cannot be confined to a certain area, in order that the difference between the pheromone content in the path of the optimal path and the poor path is as huge as possible. When the difference between groups is huge, the convergence speed of ant colony can be accelerated, resulting in the ant colony converges near the optimal solution. When the loop iteration is completed, the ant colony releases and reorganizes the pheromone according to the new algorithm.




τij(t+1)=(1−ρ)τij(t)+Δτijbest(t,t+1)−Δτijworst(t,t+1),ρ∈(0,1)










Δτijbest={1Cbest,i,j∈Cbest0,others










Δτijworst={W×Cws(Cbest+Cworst)2,i,j∈Cworst0,ohters









Suppose Cbest as the best path and Cworst as the poor path. The reason for listing the best path and the poor path is to make the ant colony converge near the optimal solution and to re-adjust the pheromone concentration α. At this point, assuming that α of each path is between [τmin,τmax], a certain problem will occur if the content is high or low. For example, if the true value is much smaller than τmin, then it is necessary to force α beyond the range of [τmin,τmax] to approach the vicinity. To make the algorithm both expedient and stable, it is necessary to introduce a small pheromone volatilization coefficient, so that the overall algorithm is relatively stable and there is no uncontrollable change.




2.4. Pheromone Update Operator


A large number of constraints arise in the ant colony algorithm, and constraints are generally used for paths. Therefore, if the ant colony is to be searched toward the road that satisfies the constraints, the update operator of the pheromone must be introduced.




τij(t+1)=(1−ρ)τij(t)+Δτijbest(t,t+1)−Δτijworst(t,t+1)+F(s),ρ∈(0,1)










F(s)=−uF1(s)−vF2(s)+ωF3(s)









Suppose F(s) as a function of the road, and u,v,w is the actual parameter, respectively, indicating the relative weight of cost, time, and security. Suppose F1 as the cost function, F2 as the time function, F3 as the safety function.




F1(s)=∑∑Xijtfij










F2(s)=∑∑Xtijtij










F3(s)={Gs−∏(1−Xijtgij),Gs>∏(1−Xijtgij)0,others









The purpose of these formulas is to form a comprehensive evaluation mechanism to select the path with the smallest time, the lowest cost and the safest path from the starting point to the end point. This set of mechanisms consider cost, time and safety factors, while the traditional ant colony algorithm only considers the shortest path (time factor) [26].




2.5. Global Update Rule


The whole operation process of the ant colony algorithm is regarded as an ant colony system. The path selection of the ant colony system depends on the probability function, and the search type is random search. Unlike traditional ant colony algorithms, the improved ant colony algorithm is based on pseudo-random scale rules. The advantage of the pseudo-random ratio is that the ant can adjust the search strength of the path and its spatial neighborhood according to the random operator. At the same time, the improved algorithm is based on global update rules [27]. In the traditional ant colony algorithm, each path and algorithm update involve the entire ant colony that is, each ant will be updated, resulting in the pheromone of all ant colonies being consistent after updating, while the differentiation effect is not achieved. After changing the global update rule, the pheromone on the search path is strengthened, which can accelerate the accumulation of pheromone and greatly improve the search efficiency [28].




2.6. Application of Ant Colony Algorithm


Applying the ant colony algorithm to solve the dynamic traffic assignment problem, individual ants in an ant colony can be regarded as a driving vehicle. Assigning individual ants to their respective paths in the network represents individual vehicles following their paths in the actual network. Dynamic traffic flow allocation means that vehicles are evenly distributed to the road just like the ant colony, and corresponding traffic control is carried out to make the entire lane loop properly, and then, achieving optimal system [29].



In general, dynamic traffic optimization systems have two different aims. One is to achieve the optimal balance of the user, and another is to achieve the optimal balance of the system. The optimal equilibrium of the system means that the entire traffic road system is most efficient, rather than the shortest time of each vehicle. The user’s optimal equilibrium model means that the time function of each car is minimized [30].



In dynamic traffic optimization systems, ants must follow the following rules:



First, the nodes must be connected to each other, and there should be no connection beyond the node.



Second, the node can only be operated once and cannot be repeated, otherwise it will not be able to find the optimal solution.



The following is a practical application of the improved ant colony algorithm. In the application process, we create ‘DEMO’ by python. The improved ant colony algorithm finds the shortest path as shown in the figure below. Figure 1 is improved ant colony algorithm for different iterations.



First, when the number of iterations is 5, it can be seen that at the beginning of the iteration, the path is initially disordered, but a good path is not formed. The total path of the traffic at this time is 5479. When the number of iterations is 17, a stable and orderly path can be formed. At this time, the total path of the traffic is 3938, which is greatly reduced compared with the previous 5479. When the number of iterations is 29, the total path is 3871 at this time, and the transit distance has been greatly reduced compared with the number of iterations of 17. It can be seen that one of the characteristics of the improved ant colony algorithm is that it is getting closer to the optimal solution as the number of iterations increases.





3. Improved Ant Colony Algorithm and Traffic Flow Simulation


3.1. Algorithm Design Principle


Time complexity is one of the main factors considered in this algorithm. Time complexity refers to the time function required for the program to run to the end of the solution. When the number of vehicles and road nodes is large enough, the time complexity of the lower power can be ignored. The algorithm that computes the mainline part can greatly reduce the time complexity of the algorithm program and improve the efficiency. Generally speaking, the time complexity depends on the calculated network scale. If the network scale is not large, the efficiency of ant colony algorithm is significantly better than GA and neural network algorithm.



①Measuring the distance from the vehicle to the end point, and then we can judge whether the vehicle has reached the end point or not according to the measured distance. If it arrives, return the pheromone. If not, continue to execute the cycle.



②Determine whether the information of the next node is different from the original plan. If there is a difference, continue to proceed according to the original plan.



③According to the information concentration and the heuristic function, the next function is measured.



④Select the road that the vehicle will travel to determine whether it has reached the end point




3.2. Simulation Model


The program was written in Python and simulated in a laptop. In the simulation, global deployment and path planning are required according to the classical topology theorem. In the simulation, it is necessary to assume that each car can accept the information transmitted by the central control, and the vehicle adjusts the path according to the information at each signal.



At present, many research on optimal path search are based on graph theory, and the distance is used to measure whether the path is optimal or not. However, in actual traffic, many factors need to be considered, including "time", "accident rate" and "cost". "Time" refers to the time that a computer spends searching for the best path after countless iterations.



In the process of model calculation, some random variables will be set automatically, including traffic jams, traffic accidents, etc. "Accident rate" is the likelihood of traffic accidents which is automatically generated by the model according to road conditions. The purpose of the improved ant colony algorithm is not only the global optimization of the system, but also the interests of each car. The “cost” refers to the average fuel consumption cost of each car. On this basis, a ternary array of this paper is established to achieve multi-objective optimization. A ternary array equal to the attribute values of the model, where the ternary array refers to “cost”, “time”, and “accident rate” of the road [31].



Above all, we have improved the traditional ant colony algorithm (ACO) by mathematical methods. Now we are going to apply the improved ant colony algorithm (IACO) to the actual problem. We aim to solve the traffic congestion problem in the old area of metropolises. We choose one of the largest metropolises in China, Yangpu District, Shanghai as an example. The number of vehicles in Shanghai has reached 3.31 million, especially in Yangpu District, where cars are easily caught in congestion. The permanent population of Yangpu District is 1.31 million, and the huge population makes it easy for both public transport and private transport to fall into congestion.



As shown in Figure 2, we collect the characteristics of a block in Yangpu District, and use this block as a template for testing. To be more understandable, we number each intersection and use A1,A2⋯ to indicate it. Through Figure 2, we can know the developable space of the transportation, and the construction of the branch road is also lagging behind. We set the level of branch construction as ζ1, the density of road network as ζ2, and the space for transportation development as ζ3 and these parameters are input to the improved ant colony algorithm.



As shown in Figure 3, after computer calculation, we get the results of the IACO model. As shown in Figure 3, there are many paths displayed with black lines after computer calculation. There are many ants automatically assigned by the computer on the path (each ant can be regarded as an individual car), and each path is marked with a ternary array, and the ants on each path (each ant can be regarded as an individual car) have the same “cost”, “accident rate” and “time”. Since the purpose of the model is to achieve global optimization, as long as each ant searches based on the specified path, the system will remain in a smooth state without congestion. This system is constantly updated. We have added a random variable υ to indicate unexpected conditions during traffic. For example, if a car a1 has a traffic accident or out of oil, the model will be dynamically updated. Correspondingly, paths displayed with black lines in Figure 3 will also change on the basis of the new situation.



Next, the results of the model are reported. The traffic flow theory consists of traffic flow (Q), traffic speed (V) and traffic density (K). These three parameters affect and restrict each other.




Q=V·K









Traffic flow refers to the average number of vehicles per hour, traffic speed refers to the average speed of space per hour, and traffic density refers to the number of vehicles per kilometer. It is generally believed that when the traffic density on the road is small, the vehicle speed is high and unimpeded, and when the traffic density increases, the vehicle speed decreases and the road become crowded.



We collected real traffic data for a certain block in Yangpu District, Shanghai on 1 April 2018, and calculated the data twice. First, the data used to display the real traffic flow in Yangpu District, and then the data is input to the improved ant colony algorithm model to output the traffic flow for each time period. According to the above model, the traffic flow was compared with different time periods.



As shown in Figure 4, V represents traffic speed and K represents traffic density. ACO-K represents the traffic density of the traditional ant colony algorithm, while IACO-K represents the traffic density of the improved ant colony algorithm. ACO-V represents the traffic speed of the traditional ant colony algorithm, and IACO-V represents the traffic density of the improved ant colony algorithm. It can be seen that in the early hours of the morning, the improved ant colony algorithm did not change significantly in density and speed due to the lack of vehicles on the road. At 8 o’clock in the morning, the number of vehicles is increasing rapidly. The improved ant colony algorithm can reduce traffic density and increase traffic speed.



As shown in Table 1, we compare the performance of the improved ant colony algorithm and the traditional ant colony algorithm in the calculation using the data of April 1, 2018 in Yangpu District, Shanghai. The results show that IACO has better performance than traditional ant colony algorithms in terms of cost reduction, computational complexity, and accident rate.



It can be seen from Table 1 and Figure 5 that the improved ant colony algorithm improves the weight value and reduces the time and cost of the search compared with the traditional ant colony algorithm. The improved ant colony algorithm also minimizes the accident rate.



IACO can more fully mobilize transportation resources, so that the traffic flow operation can achieve the overall optimality. The direct effect is that Yangpu district is not easy to form a blockage, and the research purpose of this paper is realized.





4. Model Test


4.1. Robustness Test


The above results are the predicted values of the model, and we also use the prediction results of the model to compare with the real results of Yangpu District, Shanghai. Use traffic flow as the only indicator to judge whether the prediction effect of the model is accurate.



In the above, we show the smoothness of traffic in Yangpu District, Shanghai after the use of IACO. Then we need to test the accuracy of the improved ant colony algorithm on the judgment of traffic flow. The object of the test is the residual value. The residual is the difference between the actual observed value and the fitted value in the mathematical statistics. The “residual” contains important information about the basic assumptions of the model. As shown in Figure 6, the vertical axis represents traffic flow, which is the product of traffic speed, traffic density and the horizontal axis represents time variation.



As shown in Figure 7, the calculated value and the true value of the model are quite different in the later stage of calculation. Therefore, according to the feedback information on the graph, the convergence coefficient ε of the model is adjusted, and the fitted value of the model is optimized.



Through optimization, it can be found that the difference between the predicted value and the true value of the model is gradually reduced, especially in some stages, which reflects that the model based on the improved ant colony algorithm has higher stability and sensitivity.




4.2. Error Analysis and Improvement


In the above, in order to analyze the transportation characteristics of Yangpu district, Shanghai, we add some parameters, such as the level of branch construction ζ1, the density of road network ζ2, the space for transportation development ζ3 and random variable υ. These variables are represented by approximate values or rank evaluation, so the error of this model mainly comes from these parameters.




μroad{∑j∈allowedζ1*Qζ3ζ2F3(s)=Gs−∏(1−Xijtgij),Gs>∏(1−Xijtgij)+υ









The calculated error is shown in the figure below. As shown in Figure 8, the horizontal axis represents time variation and the vertical axis represents the error rate. Due to the large number of parameters, a certain error is caused. By constantly adjusting the parameters, the error can be effectively controlled. Comparing the error rates optimization before and after, it can be found that the error is obviously controlled.





5. Discussions and Conclusion


5.1. Main Findings of This Study


Presently, the metropolis plays an irreplaceable role in environmental protection and social development. The rapid development of metropolis inevitably requires supporting facilities, such as the constantly updated transportation planning. Though the urban traffic reform was carried out enthusiastically, the old area of the metropolis did not attract people’s attention, and its traffic congestion has not improved. Easing traffic congestion in the old area of metropolis is the key to solving the bottleneck of metropolitan development.



However, scholars have little research on this issue. At this time, there is no effective mechanism to solve the problem of traffic congestion in the old area of the metropolis. This paper aims to solve the traffic congestion in the old area of the metropolis. Firstly, we introduced the traditional ant colony algorithm, and proposed an improved strategy to form a unique improved ant colony algorithm. We applied the improved ant colony algorithm and the traffic simulation software to make virtual reality traffic intelligent. We reversely tested the results based on the simulation. The results showed that the difference between real traffic flow and traffic flow predicted by the improved ant colony algorithm was small, reflecting our model and algorithm can predict and control the real traffic flow. Due to the optimization of the algorithm, we also maximized the allocation of traffic resources on the road, so that the vehicle system realized the comprehensive optimization of time, cost and accident rate.



Finally, we analyzed the sensitivity and stability of the algorithm, and it found that the model was stable and the results were reasonable. We solved the problem better of traffic congestion in the old area of metropolis, and gave the detailed algorithm and the calculation process through the above analysis.




5.2. Implications of This Study


The literature pays too much attention to the mathematical model on ant colony algorithm, while pays less attention to the practical problems of the development of the old area of metropolis, and has little value for solving the practical problems.



Based on the ant colony algorithm, this paper improved the ant colony algorithm in the light of the needs of actual road transportation simulation, and analyzed the influencing factors and solutions of traffic congestion in the old area of metropolis. According to the current situation of the old area of metropolis, this paper designed the simulation model, introduced the heuristic factor, and calculated the convergence speed of the algorithm.




5.3. Limitations of This Study


Some key data cannot be obtained owing to limitations in data and legal rules, which may result in unreasonable parameter settings in this paper. Due to computer limitations, some iterations set a forced termination. Although the result is infinitely close to the optimal value, it is still necessary to state that it is not the final resolved value. Therefore, if this paper gets more computational support, the model results will be more optimized and ideal.



Actually, this study is still a small-scale experiment, and further research is needed for larger-scale applications. With the improvement of algorithm and the increasing openness of data, the model to alleviate traffic congestion in old area of metropolis will become more practical.



At the same time, it should be noted that the research object of this paper is limited to one case, and research results have many shortcomings. The further research direction is to use large-scale observation data instead of a single variable.








Author Contributions


Conceptualization, Z.L.; Methodology, Z.L.; Validation, Z.L. and J.H.; Formal Analysis, J.H. Writing—original draft preparation, J.H.; Writing—review and editing, J.H., Supervision, Z.L.




Funding


The research was funded by Shanghai Social Science Fund (NO. 2018BGL008).




Acknowledgments


I am grateful for H.X., L.L. for their great help in writing on the early draft.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Woods, R.I.; Woodward, J. Urban Disease and Mortality: In Nineteenth-Century England; B.T. Batsford Ltd Publishers: London, UK, 1984. [Google Scholar]

	



Bixler, E.O.; Kales, A.; Soldatos, C.R.; Kales, J.D.; Healey, S. Prevalence of sleep disorders in the Los Angeles metropolitan area. Amer. J. psych. 1979, 136, 1257–1262. [Google Scholar]

	



Mercer, A. Urban Disease and Mortality in Nineteenth Century England. J. Popu. Stud. 1986, 40, 181–183. [Google Scholar]

	



Bando, M.; Hasebe, K.; Nakayama, A.; Shibata, A.; Sugiyama, Y. Dynamical model of traffic congestion and numerical simulation. Phys. Rev. E 1995, 51, 1035. [Google Scholar] [CrossRef]

	



Yan, X.; Ma, Y.; Cui, X. The Transport Characteristics and Traffic Organization in the Guangzhou CBD. City Plan. Rev. 2002, 3, 020. [Google Scholar]

	



Zeng, D.; Zhang, P.; Sun, W. Analysis of Traffic Problems in Old Cities and Countermeasures––A Case Study of Old City in Nanning. Trans. Standard. 2011. [Google Scholar] [CrossRef]

	



Arnott, R.; Inci, E. An integrated model of downtown parking and traffic congestion. J. Urban Econ. 2005, 60, 418–442. [Google Scholar] [CrossRef]

	



Kerner, B.S. Three-phase traffic theory and highway capacity. Phys. A Statis. Mechanic. Appl. 2002, 333, 379–440. [Google Scholar] [CrossRef]

	



Flaherty, C.A. Highways. Volume 1. Traffic Planning and Engineering, 3rd ed.; Edward Arnold: Baltimore, MD, USA, 1986. [Google Scholar]

	



Anonymous. Texas Lawmakers Offer Second Transport Bill. Transport Topics. 2007. Available online: http://gateway.proquest.com/openurl?res_dat=xri:pqm&ctx_ver=Z39.88-2004&rfr_id=info:xri/sid:baidu&rft_val_fmt=info:ofi/fmt:kev:mtx:article&genre=article&jtitle=Transport%20Topics&atitle=Texas%20Lawmakers%20Offer%20Second%20Transport%20Bill (accessed on 9 November 2018).

	



Green, M.C.; Brock, T.C. The role of transportation in the persuasiveness of public narratives. J. Pers. Soc. Psychol. 2000, 79, 701. [Google Scholar] [CrossRef] [PubMed]

	



Maerivoet, S.; Moor, B.D. Transportation Planning and Traffic Flow Models. arXiv, 2005; arXiv:physics/0507127. [Google Scholar]

	



Saad-Sulonen, J.; Botero, A.; Kuutti, K. A long-term strategy for designing (in) the wild: lessons from the urban mediator and traffic planning in Helsinki. Available online: http://thirdsector.mlog.taik.fi/files/2013/10/Saad-Sulonen_Botero_Kuutti_AuthorVersion.pdf (accessed on 26 October 2018).

	



Rosini, M.D. Non-equilibrium Traffic Models. Macroscopic Models for Vehicular Flows and Crowd Dynamics: Theory and Applications; Springer: Berlin, Germany, 2013. [Google Scholar]

	



Li, Z.; Jia, R.; Huang, J. The simulation model on delay time of road accessibility based on intelligent traffic control system. Cluster Comput. 2018. [Google Scholar] [CrossRef]

	



Geem, Z.W.; Kim, J.H.; Loganathan, G.V. A new heuristic optimization algorithm: harmony search. Simulation 2001, 76, 60–68. [Google Scholar] [CrossRef]

	



Rajendran, C.; Ziegler, H. Ant-colony algorithms for permutation flowshop scheduling to minimize makespan/total flowtime of jobs. Eur. J. Oper. Res. 2007, 155, 426–438. [Google Scholar] [CrossRef]

	



Maniezzo, V.; Dorigo, M.; Colorni, A. Algodesk: An experimental comparison of eight evolutionary heuristics applied to the Quadratic Assignment Problem. Eur. J. Oper. Res. 2007, 81, 188–204. [Google Scholar] [CrossRef]

	



Bullnheimer, B.; Hartl, R.F.; Strauss, C. Applying the ANT System to the Vehicle Routing Problem; Springer: New York, NY, USA, 1999; pp. 285–296. [Google Scholar]

	



Dorigo, M.; Gambardella, L.M. Ant Colony System: A cooperative learning approach to the traveling salesman problem. IEEE T. Evolut. Comput. 1996, 1, 53–66. [Google Scholar] [CrossRef]

	



Dong, S.; Liu, Z.; Wang, X.; Zhao, X. Model and simulation of cyanobacterial bloom outbreak process based on intelligent agent. J. China Garment 2012, 11, 412–417. [Google Scholar]

	



Shelokar, P.S.; Siarry, P.; Jayaraman, V.K.; Kulkarni, B.D. Particle swarm and ant colony algorithms hybridized for improved continuous optimization. Appl. Math. Comput. 2007, 188, 129–142. [Google Scholar] [CrossRef]

	



Jadon, R.S.; Datta, U. Modified ant colony optimization algorithm with uniform mutation using self-adaptive approach for travelling salesman problem. In Proceedings of the Fourth International Conference on Computing, Tiruchengode, India, 4–6 July 2013; IEEE: Piscatville, NJ, USA, 2014. [Google Scholar]

	



Gajpal, Y.; Rajendran, C.; Ziegler, H. An ant colony algorithm for scheduling in flowshops with sequence-dependent setup times of jobs. Int. J. Adv. Manuf. Tech. 2006, 30, 416–424. [Google Scholar] [CrossRef]

	



Fattahi, P.; Roshani, A.; Roshani, A. A mathematical model and ant colony algorithm for multi-manned assembly line balancing problem. Int. J. Adv. Manuf. Tech. 2011, 53, 363–378. [Google Scholar] [CrossRef]

	



Tfaili, W.; Siarry, P. A new charged ant colony algorithm for continuous dynamic optimization. Appl. Math. Comput. 2008, 197, 604–613. [Google Scholar] [CrossRef]

	



Baskar, N.; Saravanan, R.; Asokan, P.; Prabhaharan, G. Ants colony algorithm approach for multi-objective optimisation of surface grinding operations. Int. J. Adv. Manuf. Tech. 2004, 23, 311–317. [Google Scholar] [CrossRef]

	



Ahmadizar, F. A new ant colony algorithm for makespan minimization in permutation flow shops. Comput. Ind. Eng. 2012, 63, 355–361. [Google Scholar] [CrossRef]

	



Holthaus, O.; Rajendran, C. A fast ant-colony algorithm for single-machine scheduling to minimize the sum of weighted tardiness of jobs. J. Opera. Res. Soc. 2005, 56, 947–953. [Google Scholar] [CrossRef]

	



Robbins, K.R.; Zhang, W.; Bertrand, J.K.; Rekaya, R. The ant colony algorithm for feature selection in high-dimension gene expression data for disease classification. Math. Med. Bio. A J. Ima 2007, 24, 413. [Google Scholar] [CrossRef] [PubMed]

	



Niknam, T.; Ranjbar, A.M.; Shirani, A.R. A new approach for distribution state estimation based on ant colony algorithm with regard to distributed generation. J. Intell. Fuzzy Syst. 2005, 16, 119–131. [Google Scholar]








[image: Sustainability 11 01140 g001 550]





Figure 1. Improved ant colony algorithm for different iterations. 
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Figure 2. Intersection plan. 
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Figure 3. Ant colony algorithm topology flow chart. 
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Figure 4. Traffic speed (V) and traffic density (K) chart. 
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Figure 5. Comparison of improved ant colony algorithm and traditional ant colony algorithm. 
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Figure 6. Residual distribution. 
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Figure 7. Optimized residual distribution. 
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Figure 8. Error analysis chart. 
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Table 1. Comparison of improved ant colony algorithm and ant colony algorithm.
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	Algorithm
	Time /h
	Unit cost
	Accident rate



	Ant colony algorithm
	5.792
	371
	10-4



	Improved ant colony algorithm
	2.311
	26
	10-5
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