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Abstract: The energy consumption of train operation occupies a large proportion of the total consumption of railway transportation. In order to improve the operating energy utilization rate of trains, a multi-objective particle swarm optimization (MPSO) algorithm with energy consumption, punctuality and parking accuracy as the objective and safety as the constraint is built. To accelerate its the convergence process, the train operation progression is divided into several modes according to the train speed-distance curve. A human-computer interactive particle swarm optimization algorithm is proposed, which presents the optimized results after a certain number of iterations to the decision maker, and the satisfactory outcomes can be obtained after a limited number of adjustments. The multi-objective particle swarm optimization (MPSO) algorithm is used to optimize the train operation process. An algorithm based on the important relationship between the objective and the preference information of the given reference points is suggested to overcome the shortcomings of the existing algorithms. These methods significantly increase the computational complexity and convergence of the algorithm. An adaptive fuzzy logic system that can simultaneously utilize experience information and field data information is proposed to adjust the consequences of off-line optimization in real time, thereby eliminating the influence of uncertainty on train operation. After optimization and adjustment, the whole running time has been increased by 0.5 s, the energy consumption has been reduced by 12%, the parking accuracy has been increased by 8%, and the comprehensive performance has been enhanced.
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1  Introduction

The train operation process is a complex control issue involving safety, energy saving, punctuality, comfort, and accurate stop. We must seek a “satisfactory” strategy to optimize the whole operation process from a variety of operation modes to ensure the security, reliability and coziness of the train operation process, while energy consumption and operation time can reach the acceptable range of railway operation department and passengers. In order to achieve this goal, global railway science and technology workers have conducted extensive and in-depth research. The study [1] assumed that the operation strategy consisted of a limited input control sequence, and the energy consumption of the train under each input control changes was constant over time. The optimal duration of each input control can be determined by an optimization method, so that the energy consumption of the train under this operation strategy can be minimized. In the paper [2], the train operation control was transformed into an optimization problem with energy consumption as the objective, and the train kinetic energy was used as an independent state variable. Thus, the optimal control strategy with the minimum train energy consumption can be obtained by the maximum principle. In addition, Liu et al. [3] indicated that the control strategy that minimizes the energy consumption of the train can be attained under the continuous and discrete control variables. However, this control strategy was achieved by a detailed discussion of maximum principle. Also, the optimal control strategy with the minimum train energy consumption was obtained via the empirical method and the maximum principle [4]. The train operation mode was analyzed, and the energy-saving strategies were put forward. Moreover, Ref. [5] showed that the operation section can be divided into several typical sections. When the train operated in the optimal energy consumption strategy mode, the train energy consumption and operation time in this section have a certain functional relationship. This paper indicates that the offline mode can be applied to acquire this functional relationship, and then the global optimization method can be employed to optimize the operation time. As shown in Ref. [6], the train operation process can be divided into five sub-processes: starting, steady acceleration, constant speed operation, speed regulation, and braking and parking. The fuzzy neural network method is used to get the operation strategy, so as to control the train.

Many of the above-mentioned research works have been successfully applied to engineering practice. However, most of these studies regarded the train operation process as a single objective optimization problem, and the result was only one of several feasible operation strategies. Sometimes, it may not be possible to obtain a current satisfactory solution in one operation, and multiple optimization operations were required. This did not reflect that the train operation process itself was a multi-objective problem. The studies [7,8] employed a multi-objective optimization method to investigate the train operation control, but the traditional weighted sum method to solve the multi-objective optimization. Due to the limitations of this method, it failed to reflect the characteristics of the multi-objective optimization. Also, Huang et al. [9] utilized the multi-objective optimization method to optimize the membership function parameters of the fuzzy predictive controller in urban rail transit, with the satisfactory results achieved.

In this paper, based on the control objectives of train energy consumption, running time and parking accuracy, the multi-objective optimization model is established with the constraints of the speed limit conditions and motion equations. The model is solved by the multi-objective particle swarm optimization algorithm (MOPSO). In one operation, multiple Pareto optimal solutions of the problem can be obtained. Each Pareto optimal solution corresponds to a set of feasible train operation control strategies, and each set of strategies can achieve a “balance” effect among various indexes of train energy consumption, operation time and parking accuracy. A set of appropriate control strategies can be selected according to the current operation condition of the train (punctual, early or late operation). If the train is controlled according to this strategy, satisfactory results can be obtained.

2  Multi Objective Optimization Model of Train Operation Process

There are many control strategies when the train is running within the given time in the operation diagram. Drivers and passengers can choose any operation mode to control the train according to the current running speed, time, and distance from the parking station. The prerequisite for reducing energy consumption is to ensure that the train stops on time and safely at an appropriate location on the platform and does not exceed the speed limit. However, the disadvantages of the control strategy increase the energy consumption of the train. Here, a group of actual operation data is quoted to explain the problem. In the Shibalihe section to the airport section of the Mengzhuang Locomotive Depot, the operation distance is 16 km, and with the upward direction, 6-car formation B-type train, the passenger car will consume 4900 kw ⋅ h and 5800 kw ⋅ h corresponding to the good and poor operation methods. It can be seen that due to different operation strategies, the difference in power consumption of a single train accounts for the entire operation consumption. With 1/6 of the electricity consumption, all maintenance departments of the whole railway are universal to operate the train at will. Therefore, it is of great practical and economic significance to optimize the train operation process with the goal of train energy consumption, operation time and parking accuracy.

In this paper, the motion equation of train particle is shown in Eq. (1) [3,10]:


{dtdx=1vvdvdx=f(u,v)−ω(x,v)−b(u,v)
(1)

In which: t(0) = 0, t(x) = t, V(0) = V(X) = 0, V(t) < V.

x ∈ [0, X] is an independent variable that represents the position of the train on the line; X is the total length of the line; t ∈ [0, T] and v ∈ [0, V].

x is the state variable, and t is the running time, which is the specified whole running time. V is the train running speed and is also the maximum allowed running speed, while [t, v] = [0, T] × [0, V]⊆ R2; u ∈ { − 1, 0, 1} = U is the input control sequence, where “−1” is the brake, “0” is the coasting, and “1” is the traction; f(u, v) is the traction force, determined by the locomotive (train) traction characteristic curve, which is related to the input control and the running speed; ω(x, v) is the additional resistance of the train that is determined by the position and running speed of the train on the line; b(u, v) is the braking force, which is established by the input control, running speed and braking characteristics of the train. Typically, when the train is in the traction state, u = 1, f(u, v) > 0, b(u, v) = 0; when the train is in the inert operation, u = 0, f(u, v) = 0, b(u, v) = 0; when the train is in braking, u = −1, f(u, v) = 0. All energy consumption on the train (0, X] will be:


J=∫0Xϕ(u)dx
(2)

where, 
ϕU→R
is the energy consumption corresponding to the different input control of the train.

The operation time of the total line:


{T′=∫0Xt(x)dxft=(1+τ0)(T′−T)/τ
(3)

In Eq. (3) [11], τ0 is the coefficient of the penalty term, reflecting the unit energy consumption required to ensure the train on time when the delay time is within τ (the acceptable delay time limit); ft is the punctuality rate index. Within a certain early and late time limit τ, the ft value is relatively trivial. When the train operation exceeds the early time limit, the value of ft will be also relatively small. When the delay time τ, ft increases rapidly, so this value can reflect the punctuality of the train operation.

When the train stops, the actual parking place is:


{X′=x(T′),X′≤Xfd=e|X′−X|/1000
(4)

In Eq. (4), the value of fd gives the difference between the actual running distance d of the train and the total length of the line, which also indicates the position of the train on the line after parking. The larger the deviation from the actual end point, the larger fd. Therefore, the accuracy of the train stopping can be evaluated with fd.

The problem of the multi-objective train optimal control is to find a set of {xi}, i = 1, 2, …, k. For the system described in Eqs. (1) and (2), {ui}, i = 1, 2, …, k makes the energy consumption J, the punctuality rate index ft and the parking accuracy index fd of the train minimum, where ui ∈ U, xi ∈ [0, X], i = 1, 2, …, k, k is unknown.

With J, ft and fd as the objectives, the multi-objective optimization problem is considered:


{min{J,ft,fd}s.t.  dtdx=1vs.t. vdvdx=f(u,v)−ω(x,v)−b(u,v)t(0)=0,t(X)=T,v(0)=v(X)=0,v(t)<V 
(5)

3  A Multi-Objective Particle Swarm Optimization Algorithm for Train Operation

From the above analysis, it can be seen that the optimization of train operation process needs to determine a set of train input control sequences {u1, u2, …, uk}, ui ∈ { − 1, 0, 1},i = 1, 2, …, k, and the conversion point of each input control sequences {xi}, i = 1, 2, …, k, that is, the distance of train operation under each input control sequence {di}, i = 1, 2, …, k.

Where, d1 = x1, dj = xj − xj−1, j = 1, 2, …, k.

In order to determine the initial input control sequence, according to the requirements of the train traction calculation regulations, the input control sequence of the calculation results shall be optimized by the following strategies: it ignores the control sequence with the running distance less than the minimum di value to ensure the coasting between traction and braking [12–14]. Many researches are committed to solving the multi-objective optimization problem by the particle swarm optimization algorithm. Following the emergence of many multi-objective particle swarm optimization algorithms, engineering applications have attracted more and more attention. In this paper, the improved MOPSO is applied to train the input control sequence operation distance {di}, i = 1, 2, …, k, which is optimized to obtain the satisfactory control effect.

The improvement of MOPSO is mainly reflected in the following two aspects:

(1)   Under certain conditions, the traditional grid method can guarantee.

The solution converges to the real Pareto optimal solution with probability 1, and can keep the diversity of the solution, and the computational time complexity is better than the niche method, so it has been widely used. By dividing the target space into a series of limited subspaces, the optimality and diversity are respectively considered in these subspaces. However, this contradiction exists because the target space cannot be understood in advance or even infinitely. The reason for this problem is that the multi-objective optimization algorithm with grid to keep the diversity of solutions does not meet the convergence condition. The convergence of grid method is conditional, which requires the upper bound of the grid to converge. That is to say, the Pareto front can traverse the whole target space. Except for the two-objective optimization, most of the multi-objective optimization have no problem to satisfy this condition.

In order to improve the adverse effect on the solution, a nonlinear tangent function is used to map the objective value of all solutions to a limited range [11–14],


F(wi)=tan⁡((wi−wmini)si)
(6)

where: wi is the value of target I of any solution in the target space, wmax i and wmin i are the maximum and minimum values of target I, respectively, where i = 1, 2, 3. 
si=arctan⁡(π/2−εi)/(wmaxi−wmini)
, and εi is not greater than π/4. It can be seen that wmax i and + ∞ are correspondingly mapped to π/2 - ε and π/2. Consequently, when dividing the target space, the contradiction between the fineness of each sub region and the infinite possibility of the whole target space is eliminated, and the upper bound of the adaptive grid is guaranteed to be bounded, thereby improving the convergence of the algorithm.

(2)   Using the improved e-dominance method to determine the winning relationship between the solution vectors.

The research shows that the above measures can significantly improve the convergence and computational complexity of MOPSO. Compared with other MOPSO applications, they are different in the following aspects:

(1)   In order to make the particle swarm as close to the target area as possible, this paper adopts the following method: X is the total length of the line, and the maximum allowable operating speed V, {di}, i = 1, 2, …, k, is the distance of the train running in the control sequence i, which is the optimization object. Since the train must maintain a certain time (take 3S) in each input control state, di has a minimum value, which can be calculated in v. Also, the initialization range of di is as follows:

di:[3V, X]Di: [3 V, x], the unit of V is m/s, and the unit of X is m, di


di:[3V,X−∑k=1idk],di>0,i=1,2,…,k
.

(2)   Best selection strategy: The improved grid can be taken as the diversity keeping strategy, because the basis of all control strategies for comparison is that the train runs in the same section to ensure the safety of the train. Therefore, the basic requirement of all non-inferior solutions is that 
∑k=1idk
should be as close to X as possible, and the solution of 
∑k=1idk
closest to X in the grid with the least congestion should be selected as best.

(3)   Adopt the elite retention strategy of external population archives. When the number of non inferior solutions exceeds the capacity of archives, it can start pruning operation according to the following strategies: First, those solutions of the overspeed can be eliminated in the operation process to ensure the safety of the train. Second, those solutions can be discarded for the farthest from the actual operation distance x. Finally, a delete can be randomly selected from the grid with the largest density until the file capacity is met.

The multi-objective optimization algorithm steps of the train operation process are as follows:

(1)   Initialize the line parameters, line speed limit, train basic parameters, inertia coefficients and learning factors of the particle swarm optimization algorithm;

(2)   Run traction calculation subroutine;

(3)   Optimize the input control sequence in the traction calculation results according to the following methods: the input can be ignored with the running distance less than the minimum value of Di to ensure existing the coasting between traction and braking;

(4)   Run the particle swarm optimization subprogram;

(5)   The optimal control strategy of the completed train. The solution can be selected according to the following methods:

A)   When running on time, it can be selected the solution for the on-time rate index ft greater than 1 but closest to 1;

B)   When running early, the solution can be chosen with the punctuality index ft greater than 1, and the actual running time can be controlled with the strategy composed of the solution.

The difference greater than the specified operation time is equal to (or closest to) the earlier time;

C) When the train is running late, the solution can be picked with the punctuality index ft less than 1, and the actual running time can be regulated with the strategy composed of the solution.

The difference less than the specified operation time is equal to (or closest to) the time of delay.

4  Simulation Experiment Results and Analysis

Based on a-16 km-long section of passenger dedicated line of Line 2, a high-speed train is simulated.

The running time of the train interval is 2160 s, and the early and late time is 30 s. The particle swarm size of the MOPSO algorithm is 80, the external population file is 30, and the number of iterations is 200. The simulation experiment is carried out in MATLAB 7.0.

Firstly, the train operation speed distance curve in Fig. 1 and control strategy are attained from the traction calculation procedure, as shown in Figs. 2 and 3. In the figure, the input control sequences 1, 0 and - 1 represent traction, coasting, and braking, respectively. The train tracks the limited speed with the maximum capacity all the time, the minimum operation time can be obtained with 1800 s, but the energy consumption is very large, the energy consumption index parameter is 911. 1, the train condition changes frequently, and the long time is close to the limit speed operation. Also, there are security risks, and the train operation security is reduced, such a control strategy is not suitable for the train control [15–19].
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Figure 1: The velocity-distance (V-S) curve and transition points
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Figure 2: The cure between generation and objective function
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Figure 3: Train operation control curves of multi particle optimization model and MIGA

Through analysis and optimization, the “traction coasting traction coasting braking coasting braking” is determined as the input control sequence, and the multi-objective particle swarm optimization algorithm introduced in this paper is used to optimize the conversion points of the control sequence.

The multi-objective particle swarm optimization algorithm can achieve the multiple optimal solutions in one operation process, so it can get the multiple train control strategies. The train control by these strategies has certain flexibility, with obtaining the satisfactory results under the corresponding circumstances. The energy consumption of the train is relatively small when the interval operation time is fully utilized. If the train is running on time, the operation can be realized. The time is only 5 s longer than the specified time, the energy consumption is relatively low, and the error of stop position is also relatively small, because there is always a certain safety distance between the train and the actual protection site. It can be seen that the optimized control strategy does not make the train track and limit the speed operation in the whole section, but also maintains a relatively high average speed. If the train is running late, the strategy can make the train 61 s late arrive at the terminal on time. Otherwise, if the train is running early, the control strategy with slightly longer running time can be selected, which can make full use of the earlier time and reduce energy consumption [20–25].

5  Conclusions

The train operation process is a complex multi-objective optimization problem. There are certain contradictions and incommensurability between the train safety, energy consumption, operation time, parking accuracy and comfort, which increase the difficulty of problem solving. The development of multi-objective optimization theory adds vitality to the solution of the similar issues, especially the multi-objective evolutionary algorithm and multi-objective particle swarm optimization algorithm. To solve the problem of train optimal control, people have paid extensive attention to improving the multi-objective particle swarm optimization method. The method to keep the diversity of solutions is studied, with the corresponding strategies proposed. Moreover, this work gives the algorithm of the multi-objective particle swarm optimization algorithm to optimize the train operation process. A large number of simulation studies also have verified the effectiveness and feasibility of the strategies and algorithms.
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