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Once a distribution network failure occurs, it can spread to the traffic network through the coupling point, causing electric vehicles (EVs) to change their charging paths. To address this problem, this paper presents an EV charging path planning approach that considers coupled faults in the distribution-transportation network. First, the cascading failure model of the distribution-transportation network and the model for choosing charging stations are presented to transfer the information of coupling faults propagation and coupling points power interaction to the follow-up path planning scheme. Second, a time occupancy road resistance model that considers congested and unobstructed traffic states is proposed to calculate the road section travel time, based on the analysis results of the evolution process of road traffic flow queuing using traffic wave theory. For the speed and density parameters in the traffic wave model, values are calculated using the logistics speed-density model and the time occupancy model. Third, a multi-objective optimization function that integrates travel cost and coupling network operation state is determined from the perspective of hindering the propagation of coupling faults. The function is solved to recommend optimal charging paths using an improved A* searching algorithm. Finally, a 90-bus road network and three 33-bus distribution networks are selected as examples to verify the veracity and validity of the proposed model and method. The research results demonstrate that the proposed method can alleviate traffic congestion.
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1 INTRODUCTION
The widespread use of electric vehicles (EVs) for transportation increases the degree of electrification of the transportation network and intensifies the coupling between the transportation network and the distribution network (Betancur et al., 2021). When the distribution network experiences a fault, the permissible capacity for EV charging stations within the affected area may be impacted, and could even result in a complete power outage, rendering them unable to provide service. At this time, a large number of EVs need to change their charging station selection strategy and replan their travel routes. During the same period, traffic flow near the fault spreads to the surrounding road network, and EVs converge with non-faulty sections during peak charging periods. The charging routes of the two streams of vehicles interact spatiotemporally, causing traffic congestion in the transportation network, which can trigger a chain reaction of inter-network faults between the distribution network and the transportation network. Therefore, it is particularly important to analyze the fault propagation mechanism in the coupled network and study the EV charging behavior from the perspective of blocking fault propagation.
The EV route planning under fault conditions can be roughly divided into two stages. The first stage is the fault propagation and evolution stage, which includes congestion effect analysis and chain fault evaluation (Zhang et al., 2021). In a study by Zhang et al., 2020, the impact of charging station faults on EV travel was considered, and a disturbance analysis framework based on multi-layer network cascading failure was proposed. However, their study lacked a quantitative analysis of the spatiotemporal evolution process of faults in both the power distribution network and the transportation network (Zhang et al., 2021). In Liu et al. (2022), the chain-type propagation mechanism of congestion in the road-electric dual network was analyzed, and the active power-reactive power coordination process of the active distribution network was optimized to mitigate or eliminate the adverse chain congestion effects. In Zheng et al. (2022), the traffic congestion caused by the large-scale concentration of EV charging was considered, and an EV charging load spatiotemporal optimization scheduling strategy was designed.
The second stage is the EV path planning stage. In a study by Su et al. (2022), the load recovery problem after extreme disasters was considered, and a vehicle path planning model based on a multi-period collaborative important load recovery model was built. Furthermore, Ding et al. (2020) proposed an optimization scheduling strategy for grid repair vehicles and auxiliary power recovery EVs in the case of road damage. In a report by Zhao et al. (2020), the coordinated planning problem of repair order of the transportation network and the working paths of repair personnel was studied with the aim of improving the restoration efficiency of damaged roads.
The above studies explored the path planning problem from the perspective of fault recovery but did not involve the study of fault propagation mechanisms and ignored the influence of different stages of fault development on path planning results.
Road impedance is a comprehensive indicator of the road network state, and accurate estimation of road impedance is a prerequisite for planning user travel paths. Road impedance models based on the BPR function were established by Li et al. (2020); however, the impact of congested traffic on vehicle travel time was not considered, resulting in insufficient accuracy in describing road segments with high traffic volume. The impact range of accidents and the evacuation of vehicles after accidents were studied by Feizizadeh et al. (2022) and a dynamic road impedance model that considers the mix-in rate of large vehicles was established. The interruption flow characteristics of urban road traffic flow were considered in a study by Evers et al. (2022) and the queuing-dissipation process of traffic flow on a single lane was described in detail. The mechanism of congestion evolution in mixed traffic flow was thoroughly investigated by Zu and Sun, 2022 and a road impedance model was established to consider the occurrence of sporadic congestion in mixed traffic flow. Those studies established road impedance models based on the micro-development and evolution laws of traffic flow. However, when the traffic network is at a high load peak, the movement characteristics of vehicles in congested road sections are different, and the position changes of individual vehicles cannot reflect the evolution laws of the entire road section traffic flow. Therefore, it is also necessary to study the dynamic changes of road network traffic flow under different conditions from a macro perspective.
To address the above problems, this study formulates a path planning scheme for EVs in the urban traffic network based on the coupled fault propagation mechanism, blocking the further propagation of faults in the two networks. Firstly, a coupled fault model is established to calculate the flow distribution results of the coupling point from both the distribution network and the traffic network. Secondly, the influence of coupling faults on EV charging behavior is analyzed, and a charging station selection decision model is established based on cumulative prospect theory. Thirdly, to accurately describe the anxiety of EV owners in a hurry to charge, a road impedance model is established to quantify the time cost of EVs. The logistics speed-density model is used to analyze the relationship between density and speed in the traffic wave model, and the density parameter is replaced by time occupancy rate to improve the classic traffic wave model. Combining traffic wave theory, the traffic flow queuing evolution process is analyzed, and a road impedance model is established with the time occupancy rate as the variable. Finally, a path planning model is constructed by considering the time cost and economic cost of EV drivers, as well as the operational status of the power grid and transportation network from the perspectives of EVs, power grids, and transportation networks, and the A* algorithm is used for solving analysis.
2 DISTRIBUTION NETWORK-TRANSPORTATION NETWORK COUPLED FAULT MODEL
2.1 Coupled fault definition
A single point failure in the distribution network can impact the operational status of charging stations. If a charging station is directly connected to a fault node, it may lose its charging function. Charging stations not directly connected to the fault node may also be affected by dispatching strategies, which can cause them to stop working (Cai et al., 2020). In such cases, EVs at the faulty charging station will need to replan their charging itinerary. EVs that trigger charging demand will be allocated to the remaining charging stations, exacerbating the fluctuation of the distribution network load. If EVs choose charging stations randomly without considering the node voltage, it may lead to a situation where a large number of EVs are charging at charging stations with lower voltage, posing a serious threat to the safe operation of the distribution network. This paper defines the cascade effect caused by a single distribution network fault as a distribution network-transportation network coupled fault.
2.2 Coupled network scheduling model
In the future of intelligent EV networking, EVs will upload real-time charging information such as electric quantity and location to the intelligent networked system (Yang et al., 2022). The system will analyze the operation status of charging stations and coupling networks to recommend charging stations for EVs reasonably.
2.2.1 Distribution network scheduling model
When a distribution network fault occurs, it is necessary to adjust the operation mode immediately to isolate the fault area and reduce the scope of the fault propagation. This section formulates the distribution network scheduling strategy based on the principle of ensuring the power supply of important loads and meeting the power supply of coupling points. This section does not consider the involvement of distributed power sources or other mobile emergency recovery measures to ensure that the path planning solution is still feasible in adverse environments. The objective function is as follows:
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where [image: image] and [image: image] are the weighting coefficients of the charging station load and other loads respectively excluding the charging station; the coefficients of the first-level, second-level, and third-level loads are 1, 0.1, and 0.01, respectively; in order to restore the charging station load as soon as possible, [image: image] is set to 1; [image: image] and [image: image] are the transmission power of the charging station load and other loads, respectively; [image: image] and [image: image] are the restoration status of the charging station load and other loads, respectively.
2.2.2 Traffic network distribution model
After making the scheduling decision, the distribution network provides the flow distribution results. The intelligent network system then recommends the optimal charging station for the EVs based on the original load and node voltage information of each coupled node, and calculates the road traffic flow distribution. Because this study plans the optimal charging route for EVs from a dynamic perspective, static traffic distribution models are insufficient to describe the time-varying characteristics of the network state and cannot provide accurate traffic and charging information for the planning stage. Therefore, in this section, a dynamic traffic distribution model is established as follows:
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where [image: image] is the dispersion coefficient, which characterizes the degree of familiarity of car owners with the network state; [image: image] is the traffic demand of path [image: image] at time [image: image]; [image: image] is the traffic demand of OD pair at time [image: image]; [image: image] is the set of road segments between OD pairs; [image: image] and [image: image] are the inflow and outflow rates of road segment [image: image] at time [image: image]; [image: image] and [image: image] are the traffic flow of road segment [image: image] at time [image: image] and the previous time, respectively; [image: image] is the simulation step size, which is set to 5 min; [image: image] is the travel cost of road segment [image: image]; [image: image] is the probability that car owners choose path [image: image] at time [image: image]; [image: image] and [image: image] are the cumulative prospect values of path [image: image] and road segment [image: image], respectively, at time [image: image]; [image: image] is the selection variable for path [image: image]; [image: image] and [image: image] are the travel times of road segment [image: image] at time [image: image] and the previous time, respectively. The dynamic distribution model is solved using the iterative weighted method (Yang et al., 2022) to obtain the flow distribution of the traffic network quickly.
3 MODEL OF INFORMATION INTERACTION BETWEEN POWER DISTRIBUTION NETWORK AND TRAFFIC NETWORK
3.1 Single EV model
3.1.1 Dynamic charging queuing model for EVs
When an EV arrives at a charging station, if the number of vehicles waiting in the queue is fewer than the number of available charging piles, the waiting time for all EVs in the queue is zero, and the arrival time is considered the start time of service. However, if the number of vehicles waiting in the queue is greater than the number of available charging piles, the waiting time for an EV is determined by the charging time of the EVs that are currently receiving service. The model can be expressed as follows:
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where [image: image] is the waiting time of the EV at the charging station [image: image]; [image: image] and [image: image] are the identification numbers of the EV and charging station, respectively; [image: image] and [image: image] are the number of EVs in the queue and the number of EVs currently being charged at the charging station in the current period, respectively, based on real-time monitoring data; [image: image] is the number of available charging piles at charging station [image: image]; [image: image] and [image: image] are the expected and initial state of charge of the [image: image]-th EV, respectively; [image: image] is the rated charging power of the charging pile; [image: image] is the charging efficiency of the charging station, which is set at a constant value of 0.95.
3.1.2 Charging station decision model considering coupled fault propagation
Based on the analysis in Section 2.2, this section adopts the prospect theory to describe the limited rationality of EV owners in decision-making (Wu et al., 2020). The charging station decision-making model is constructed by establishing a search direction and remaining power constraint to ensure the correctness of the path search direction. The specific model is presented as follows:
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where [image: image] is the EV number; the physical meaning of [image: image] is that the [image: image]-th EV selects the charging station with the maximum cumulative prospect value as the target charging station, and the calculation process of the cumulative prospect value is shown in Appendix D; [image: image] is the node number of the target charging station for the [image: image]-th EV; [image: image] is the number of charging stations; [image: image] is the decision variable for charging station selection; [image: image] is the average power consumption per kilometer of the EV; [image: image] and [image: image] are the shortest distance from the current time to the nearest charging station and the remaining power of the EV; [image: image] is the angle between the line connecting the node [image: image] where the EV is located to the charging station and the line connecting the node [image: image] to the destination.
3.2 Coupled network topology model of power distribution network and transportation network
The power distribution network impacts the transportation network through electricity prices and the capacity of coupling points. Conversely, traffic flow and charging station service status influence the choice of EV charging nodes, which in turn affects the spatiotemporal distribution characteristics of charging loads and alters the operating status of the power distribution network. The coupled network model of the power distribution network and transportation network is presented below:
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where [image: image] and [image: image] are the models of power distribution network and transportation network, respectively; [image: image] is the coupling relationship matrix, which represents the coupling connection between nodes of the power distribution network and transportation network.
4 EV PATH PLANNING MODEL CONSIDERING COUPLED FAULTS
The most crucial factor for EV owners is travel cost, with travel time on road segments being an essential component of travel cost. The accuracy of travel time directly affects the reasonableness of travel cost and plays a critical role in the success or failure of path planning. In this section, a road impedance model is established to calculate road travel time, followed by the establishment of a path planning model. The impact of subjective and objective factors on path planning is analyzed in detail in Appendix F.
4.1 Road impedance model
According to Zu and Sun, 2022, travel time is the primary factor contributing to traffic impedance. In this section, we study the road impedance model, which considers the travel time of each road segment that an EV passes through.
4.1.1 Time occupancy ratio-based traffic wave model
The classic BPR model is based on regression analysis of low-saturation highways in the United States. While simple and easy to solve, it cannot be applied to urban road networks under fault conditions for two reasons. First, the model is suited to road sections, such as highways, where traffic flow exhibits continuous characteristics. However, traffic flow in a faulty road network exhibits pulse characteristics due to the influence of intersections and congested traffic flow (Yuan and Tang, 2021). As a result, the BPR function, which is a monotonic increasing function, cannot reflect the dynamic fluctuations of EV flow velocity that increase first and then decrease after a surge in traffic flow (Zhao et al., 2020). Second, the model always assumes that traffic demand is less than traffic capacity. When a road segment approaches saturation or oversaturation, the time curve approaches an asymptote parallel to the y-axis (Jiang et al., 2010). However, actual traffic networks exhibit high and stable travel times on road segments due to the existence of signal controls. If the BPR function, calibrated with uniform parameters, is used continuously, the calculated results will significantly deviate from actual values. Therefore, the traditional BPR function is no longer applicable to congested urban road sections with complex and variable traffic flow distributions.
Unlike the traditional static BPR model, the time-time occupancy rate model proposed in this paper considers traffic density as the research object instead of traffic volume. This is because traffic volume is only a temporal observation of a road section and cannot describe the interaction trends among vehicles in high-density road sections. In contrast, traffic density is a spatial observation of the number of vehicles in a road section, which can be used to analyze the relationship among vehicles through the density changes of the road section at different time periods, and thus describe the dynamic development process of traffic flow. Traffic wave theory describes the energy flow generated when traffic density changes due to a sudden event. In cases where the coupling between the power distribution network and the traffic network fails, the congestion effect causes some sections of the traffic network to reach saturation or even oversaturation. This causes vehicles to constantly switch between stagnant and low-speed driving states, and the queue of vehicles to move forward in a traffic wave form. In addition, the cascading propagation characteristics of coupling faults cause vehicles to constantly gather and form a congested traffic flow, which dissipates after passing through signal controls at intersections. In the dynamic process of convergence and dissipation, the traffic flow exhibits intermittent flow characteristics. Traffic wave theory studies the relationship between the three parameters of traffic flow and the length of the vehicle queue, which can describe the process of gathering and dissipating of queued vehicles from a macro perspective (Ma et al., 2015). In addition, when calculating the number of queuing vehicles using the methods of traffic wave theory such as the accumulation wave and dissipation wave of traffic flow, the change in traffic density parameter is the research object. This is consistent with the use of traffic load parameters (i.e., traffic density on a road section) in the analysis of dynamic urban road network state. Therefore, this section adopts the traffic wave theory to model and analyze the three types of road conditions in the faulty traffic network, accurately depicting the charging behavior of EVs in the faulty network, and providing modeling and solving ideas for the path planning model to solve the coupled fault between the power distribution network and the traffic network.
The equation for the three-parameter relationship of traffic flow is:
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where [image: image] is the traffic flow; [image: image] is the traffic density; [image: image] is the vehicle speed on the road.
Density [image: image] is obtained by fixed-point measurement through loop detectors installed at road intersections. The value of [image: image] is the ratio of the number of vehicles passing through the detector during the observation period to the observation time. When the observation time is short, [image: image] is more closely related to the traffic attributes around the detector. When the traffic flow states upstream and downstream of the road section are different, it will lead to deviations in the calculation results.
The time occupancy ratio is determined by the vehicle speed. It represents the ratio of the time that vehicles pass through the detector to the total observation time. Because the vehicle speed is the same at both the intersection and the midstream of the road segment, the calculation results are independent of the observation time and can accurately reflect the operational status of the road segment. Therefore, the time occupancy ratio is used instead of density. The conversion relationship between the two is as follows:
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where [image: image] is the sum of the length of the vehicle and the length of the detector.
The traditional Greenshields model is limited in its suitability for low-density road sections and its reliance on subjective parameter determination. To address these limitations, the logistics speed-density model proposed by Ma Xiaolong et al. (Ma et al., 2015) is introduced. In addition, [image: image] and [image: image] are fixed constants, represented by [image: image] and [image: image], respectively. Substituting the quantified time occupancy rate [image: image], a model for traffic flow, parking wave, and starting wave is established as below:
The expression of traffic flow [image: image] is as follows:
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where [image: image], [image: image], and [image: image] are the maximum speed that vehicles can reach under ideal conditions, free-flow speed of the road, and traffic flow speed in congested conditions, respectively, and all three speeds are parameters in the Logistic model; [image: image] is set as 2 km/h; [image: image] is the time occupancy rate in congested conditions; [image: image] is the turning time occupancy rate, the physical meaning is the point on the speed-density curve with the maximum absolute value of the slope, which is also the turning point from free flow to congested flow of traffic.
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where [image: image]; [image: image]; [image: image] is the parking wave, defined as the energy wave generated when entering the stationary area from the non-zero velocity area; [image: image] is the start-up wave, defined as the energy wave generated when entering the non-zero velocity area from the stationary area; [image: image] and [image: image] are the upstream and downstream traffic flows of section [image: image] at the current time, respectively; [image: image] and [image: image] are the upstream and downstream road densities of section [image: image] at the current time, respectively; [image: image] is the road density under congested conditions; [image: image] and [image: image] are the upstream and downstream time occupancy rates of section [image: image] at the current time, respectively; [image: image] and [image: image] are the upstream and downstream quantified time occupancy rates of section [image: image] at the current time, respectively.
4.1.2 Road resistance models for three traffic situations
Three road resistance models have been established for three road queuing conditions. Situation 1 and situation 2 correspond to the EV passing the whole road in the first green signal cycle. Situation 3 corresponds to the vehicle not passing the road in the first green signal cycle. Figure 1 is the main characteristic diagram of the traffic wave model.
[image: Figure 1]FIGURE 1 | Traffic wave models in three situations. (A) Situation 1. (B) Situation 2. (C) Situation 3.
4.1.2.1 Situation 1
When a vehicle approaches a red traffic light and the traffic signal does not change before the vehicle stops, the passage time consists of two components: the first is the free driving time from entering the road section to the traffic signal change, and the second is the queuing time from the traffic signal change until the vehicle fully passes through.
The traffic flow enters the road section [image: image] at an initial velocity of [image: image] and continues to travel to the queuing area where a traffic jam occurs. Assuming that the position where the vehicle stops is taken as the origin of the coordinate system, the travel time of the free driving section can be obtained based on the distance equation [image: image] as follows:
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where [image: image] is the parking wave; [image: image] is the driving distance from entering the road section to stopping; [image: image] and [image: image] are the total length of the road section and the length of the existing queue, respectively.
After the traffic light turns green and vehicles start moving, a start-up wave is generated and the travel time is given by:
[image: image]
The total travel time for the road segment can be obtained as follows:
[image: image]
where [image: image]; [image: image] is the remaining waiting time for the red light; [image: image] is the remaining time for the green light.
4.1.2.2 Situation 2
In the scenario where vehicles encounter a green traffic signal before they come to a complete stop at a red light, the total travel time for the road segment is the same as in situation 1. However, in the free-flowing segment, the vehicle speed decreases while the density increases, resulting in the formation of a shockwave. The velocity in front of the shockwave is given by:
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where [image: image] is the upstream traffic speed of section [image: image] at the current time; [image: image] is the average acceleration of vehicles.
According to the Logistics speed-density model, the density [image: image] of the traffic flow in front of the wavefront can be derived as follows:
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where [image: image] is the velocity of the vehicle flow in front of the wavefront of section [image: image].
In the queuing section, if there is no queue ahead, the traffic flow produces a dissipation wave due to the increase of speed and the decrease of density, with a wave speed and travel time of:
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where [image: image] is the traffic flow rate ahead of the shockwave.
When there is a queue ahead, the gathering wave produced by downstream traffic encounters the starting wave produced by the queued traffic upstream.
The speed of the jam wave is given by:
[image: image]
The distance equation is given by:
[image: image]
The encounter time between the queuing wave and the starting wave is obtained as follows:
[image: image]
After the meeting of the jam wave and the starting wave, the tail of the queue continues to propagate downstream with a wave speed of [image: image].
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At this time, the distance equation is:
[image: image]
For situation 2, the total travel time [image: image] for the two traffic conditions in the road segment [image: image] is given by:
[image: image]
4.1.2.3 Situation 3
When a road section becomes congested due to accidents or urban road construction, introducing new traffic flow to the section will worsen the traffic conditions, causing significantly increased travel time for upstream vehicles in the section. To ensure the stable operation of the transportation network and minimize the travel time of EVs, this paper introduces traffic flow constraints to the optimization model, and new EV traffic is not introduced to the congested sections. Therefore, situation 3 does not establish a road impedance model for the above two traffic conditions but only analyzes the traffic conditions caused by traffic signals.
The vehicle travel time consists of three parts: The first part is the travel time from when the vehicle enters the road segment to the first stop, where the traffic flow joins the queue ahead and creates a stopping wave that propagates forward at a wave speed of [image: image]. The second part is the travel time from the vehicle stopping before the stop line until it passes through the intersection. Here, the traffic flow moves slowly forward due to the changing traffic signal, with a distance [image: image] moved of the travel distance of the last vehicle passing through the stop line in one signal cycle. The third part is the travel time from when the vehicle comes to a complete stop to when it completely passes through the stop line. Here, the traffic flow generates a starting wave that propagates forward at a wave speed of [image: image].
The total travel time [image: image] for a road segment is given by:
[image: image]
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where [image: image] is the impedance value of the road segment; is the rounding function.
This study considers the scenario where vehicles encounter a green light. It is assumed that, in the absence of a queue, vehicles exit the section at a constant speed of 60 km/h. However, in the presence of a queue, the calculation is performed based on situation 2.
4.2 Path planning model
4.2.1 The objective function
The objective function is established from two aspects: the benefits of the vehicle owners and the coupled network state.
[image: image]
where [image: image] and [image: image] are the optimization objectives for EV charging; [image: image] is the optimization objective for power grid operation; [image: image] is the optimization objective for traffic network state; [image: image], [image: image], [image: image] and [image: image] are the weighting coefficients of the objectives.
4.2.1.1 The cost of an EV trip
Considering the maximization of the car owner’s interests, the optimization is carried out by minimizing the sum of the economic and time costs. The model is as follows:
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where [image: image] and [image: image] are the economic cost and time cost, respectively; [image: image] and [image: image] are the driving cost and charging cost for the EV; [image: image] and [image: image] are the driving time and charging time for the EV; [image: image] is the charging price; [image: image] is the charging amount for the [image: image]-th EV; [image: image] is the energy consumption per 100 km for the EV; [image: image] is the set of all nodes in the road network and service stations; [image: image] is the average electricity cost for the EV; [image: image] is the path selection variable; [image: image] is the time for a vehicle to pass through road segment [image: image] at the current time; [image: image] is the congestion penalty coefficient for the road segment; [image: image] and [image: image] are the waiting time for the vehicle to charge and replace the battery at the service station, respectively; [image: image] is the grade coefficient of road [image: image], which is set to 1.2.
4.2.1.2 The state of the power distribution network
The evaluation of the distribution network status is based on ensuring the safe operation of the system. To assess the status of the distribution network, this model employs the voltage deviation index and branch loss index. The optimization objective is selected as the load of the charging station that is connected to the distribution network.
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where [image: image] and [image: image] are the voltage deviation and branch loss index of node [image: image], respectively; [image: image] is the load connection capacity of the charging station at the next time; [image: image] is the voltage magnitude of node [image: image] at the current time; [image: image] is the voltage upper limit of node [image: image]; [image: image] is the branch connected to node [image: image]; [image: image] and [image: image] are the active and reactive power of branch [image: image] at the current time, respectively; [image: image] is the equivalent resistance value of branch [image: image].
4.2.1.3 The state of the transportation network
The risk propagation path and fault probability model established in (Huang et al., 2019) is used to construct a measurement index. The specific model is as follows:
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where [image: image] is the probability of failure for road segment [image: image] with initial flow rate of [image: image]; [image: image] is the upper limit of the load capacity of road segment [image: image]; [image: image] is the importance of road segment [image: image], which is the product of the sum of the importance of the two endpoints of road segment [image: image] and the node efficiency; [image: image] is the fault probability adjustment parameter, which is set to 1; [image: image] is the set of road segments passed by the [image: image]-th EV; [image: image] is the risk path propagation weight of the road segment, which is the product of the degrees of the two end nodes.
4.2.2 Constraints
4.2.2.1 The operation constraints of charging stations and distribution network
To ensure the safe operation of the charging station and the distribution network, the following constraints are introduced: charging station load constraints, power flow constraints, and voltage constraints on the lines.
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where [image: image] is the rated charging capacity of node [image: image] in the power distribution network at the current time; [image: image] is the charging load of charging station [image: image] at the current time; [image: image] and [image: image] are respectively the transmission capacity and the maximum transmission capacity of line [image: image] in the power distribution network at the current time; [image: image] is the voltage level of node [image: image] in the power distribution network at the current time; [image: image] and [image: image] respectively are the upper and lower voltage limits of node [image: image] in the power distribution network.
4.2.2.2 The operation constraints of the transportation network
In China, the evaluation standard for urban traffic operation defines “moderate congestion” as the traffic state of a road segment (Ministry of Transport of the People’s Republic of China, 2016). However, due to the longer travel time on such road segments, EVs may not be able to complete the charging process and reach their destinations within the planned time, which could result in path search failure.
To prevent the congested road segments from deteriorating as a result of the introduction of EV traffic and to ensure that at least one feasible path can be found, the following traffic constraints are established:
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where [image: image] is the average travel speed of segment [image: image].
4.2.2.3 Solution algorithm
In this study, the A* algorithm is used to solve the proposed path planning problem because it determines the search direction based on the estimated path cost, thus avoiding searching all directions and ensuring search efficiency.
5 CASE STUDY
5.1 Example parameters
This study analyzes and verifies a 90-node traffic system and three IEEE33-node power systems (Xing et al., 2020) as examples. The road network consists of 90 road nodes, 13 charging station nodes, and 147 road segments, covering approximately 22.4 km in length and 49 km2 in area. The basic data for the coupled network and charging stations can be found in (Xing et al., 2020). The study specifically analyzes the operation of the distribution network and transportation network during the 16:00–17:00 period, with three fault scenarios set.
Scenario 1. The 4th node of the 2nd distribution network is faulty, and the 5th charging station terminates service.
Scenario 2. Building on Scenario 1, the 26th node of the 1st distribution network is also faulty, and the 12th charging station terminates service.
Scenario 3. Building on Scenarios 1 and 2, the 4th node of the 1st distribution network is also faulty, and the 1st charging station terminates service.
5.2 Impedance analysis of roads based on traffic wave theory
To verify the accuracy of the proposed impedance model in this paper, the travel time of the road segment is used as the output of the model. The results of the proposed model are compared and analyzed with those obtained from the traditional BPR impedance function method in terms of T/T0 calculation, travel time calculation, and error analysis. The error analysis is shown in Table 1, which uses the mean absolute error, the mean absolute percentage error, and the root mean square error for the error analysis. The specific calculation formulas can be found in the literature (Wang et al., 2021). The results of relative error calculation are shown in Figure 2.
TABLE 1 | Comparison of calculation results between improved model and classic model.
[image: Table 1][image: Figure 2]FIGURE 2 | Comparison of relative error value calculation results between im-proved model and classic BPR model.
Figure 2A compares the impedance values of 147 roads in the traffic network, while Figure 2B presents the relative error values. In the results of this study’s model calculation, 57.82% of the road segments have a relative error of less than 5%, while 37.41% have an error between 5% and 10%, and only 4.77% of the road segments have an error greater than 10%. Among them, 43 road segments have a travel time of less than 1 min. Of these, 38 road segments have a relative error between 5% and 10%, accounting for 88.37% of the total number of road segments in this part. There are 77 road segments with a travel time exceeding 3 min, accounting for 52.38% of the total number of road segments. Among them, 65 road segments have a relative error of less than 5%, accounting for 84.42% of the total number of road segments in this part. There are 11 road segments with a travel time exceeding 5 min. Among them, the relative error values for roads 1, 5, 59, 85, 95, 105, and 130 are less than 1%, with a maximum of 1.12%. Compared with the BPR model, the proposed model’s relative errors in oversaturated road sections with travel times over 5 min are all below 5%, while those of the BPR model are close to 40%. In saturated road sections 7, 33, 52, 57, 105, 117, and 147, the proposed model’s errors are all below 5.19%, while those of the BPR model range from 15% to 20%. In low-saturated road sections with travel times less than 5 min, only eight road sections have errors exceeding 10% in the proposed model. Among them, road sections 19, 71, 90, and 102 have relatively larger errors of 19.32%, 14.88%, 15.41%, and 16.16%, respectively, while the remaining four road sections have errors close to 10%. Therefore, in low-saturation road segments, the proposed model in this paper meets the accuracy requirements. In saturated and oversaturated road segments, the calculated results of the classical BPR model have a large deviation from the observed values, while the proposed model in this paper has smaller errors and higher fitting accuracy.
To demonstrate the advantages and disadvantages of different methods in calculating results, a detailed display of the travel time calculation results for the time-occupancy ratio road impedance model, the actual observed results, and the classic BPR road impedance model is presented in Figure 3. A comparison of the T/T0 calculation results for the time-occupancy ratio road impedance model, the actual observed results and the T/T0 calculation results for the BPR classic road impedance function model is shown in Figure 4.
[image: Figure 3]FIGURE 3 | Comparison of road impedance value calculation results between im-proved model and classic BPR model.
[image: Figure 4]FIGURE 4 | The comparison of the T/Tf calculation results between the model in this paper and the classical impedance model.
As is shown in Figure 3 that compared to the actual observed results, the calculated values of the BPR model are smaller, which is equivalent to two-thirds of the actual observed data, while the proposed model in this paper has a higher fitting accuracy in calculating travel time results. From Figure 4, it can be seen that the calculated results of the classical BPR impedance model show a monotonically increasing state, which does not match the actual situation. Therefore, the proposed model in this paper can more accurately calculate the travel time of road segments in the surveyed area.
5.3 Analysis of EV charging behavior and coupled network operation status
5.3.1 Analysis of EV charging paths
This section analyzes four EVs (No. 2, 5, 7, and 9) located on congested and uncongested road segments.
5.3.1.1 Scenario 1: Failure of charging station 5
In Scenario 1, two sets of weight coefficients for the objective function are used to plan the charging path, corresponding to the disordered charging and ordered charging strategies. To ensure successful path searching under the disordered charging strategy, the constraints on traffic network operation are relaxed. The weight coefficients are determined using the deviation sorting method established in (Li et al., 2022). The path planning results are presented in Table 2 and Table 3.
TABLE 2 | Disordered charging route planning results of EV.
[image: Table 2]TABLE 3 | Coordinated charging route planning results of EV.
[image: Table 3]Under the disordered strategy, the total driving distance of EVs is shorter. However, nearby charging causes traffic congestion, leading to a large increase in the total travel time due to the large number of queued vehicles. Taking EV 2 as an example, its target charging station is close to the fault coupling point, resulting in a significantly longer queue time than other EVs, with a total travel time of 15.13 min, including a charging queue time of 11.2 min, which is 4.46 times higher than the daily average value. The total travel time is 28.66% higher than that of the ordered strategy.
Under the ordered strategy, the journey delay time is reduced to 2.19 min, and the queue time is only 5.11 min. Although the total delay time is still higher than the daily average value due to the peak charging period, the operating parameters of the distribution and traffic networks do not exceed the threshold, ensuring the safe and stable operation of the coupled network under the fault condition.
5.3.1.2 Scenario 2: Failure of charging stations 5 and 12
Taking EV 9 as an example, in comparison to Scenario 1, the EV selects the “detour” option with better traffic conditions. Although the distance increases by 3.17%, the driving time reduces by 0.81 min. As the number of malfunctioning charging stations increases, the charging waiting time increases by 1.66 min, and the total travel time increases by 0.85 min, with a user satisfaction rate of 87.78%. If an unordered charging strategy is implemented, the driver still selects charging station 76 due to a deviation in the perception of road network status. The total travel time is 4.49 min, which is 2.37 times longer than the ordered strategy. The charging waiting time is 3.21 min, which is 88.82% longer than the ordered strategy. Although the total stop time is still acceptable, the road section is slightly congested due to two malfunctioning nodes, and the driver satisfaction rate decreases to 84.7%.
5.3.1.3 Scenario 3: Failure of charging stations 1, 5, and 12
Taking EV 9 as an example, Table 4 shows the planning results. Under the unordered charging strategy, the roadside stop time is 3.09 min, which is 66.49% longer than the ordered strategy. The waiting time is 4.8 min, which is 4.36 times longer than the ordered strategy. As the scope of malfunctions expands, more than 20% of road sections become oversaturated, resulting in a significant increase in total travel time for EVs. However, the waiting time does not exceed 10 min, and the satisfaction rate remains above 80%. Therefore, the path planning scheme is still feasible.
TABLE 4 | Search process of EV in scene2.
[image: Table 4]5.3.2 The analysis of the impact on the distribution network side
Figure 5 shows the topology of the distribution network after scheduling, and Figure 6 depicts the load variations of the charging stations. The upper and lower surfaces of the surface plots correspond to the load variations after adopting the uncoordinated and coordinated charging strategies, respectively.
[image: Figure 5]FIGURE 5 | Topological structure of distribution network. (A) No.1 distribution network. (B) No.2 distribution network. (C) No.3 distribution network.
[image: Figure 6]FIGURE 6 | Charging station load. (A) Scene1 (B) Scene 2 (C) Scene 3.
In Scenario 1, branch 2-S3 is faulted, triggering the closure of contact switch 2-S37 and restoring the system connectivity. The minimum node voltage of the system is 11.75 kV, and the maximum power transmission capacity of the line is 7.41 MW, which exceeds the threshold by 5.86%. To address this issue, third-level loads 10, 14, 19, and 21 of the No. 1 distribution network and third-level loads 9, 27, and 29 of the No. 2 distribution network are disconnected.
In Scenario 2, branch 1-S25 is added as a fault, triggering contact switch 1-S37. In Scenario 3, branch 1-S3 is added as a fault, triggering contact switch 1-S35. The minimum system voltages are 11.962 kV and 12.159 kV, respectively, and the line transmission powers are both less than 7 MW, with no line overload or voltage violations observed. The scheduling process is completed.
In Scenario 1, after adopting the uncoordinated strategy, charging stations 1, 2, 6, and 7 exceed the threshold in the 6th time window, with loads of 6.7687 MW, 6.8642 MW, 6.369 MW, and 6.5315 MW, respectively. At this time, the minimum loads of the four stations are 2.76 MW, 2.98 MW, 2.62 MW, and 2.32 MW, respectively, with significant differences in load peaks and valleys. After adopting the coordinated strategy, only charging station 6 approaches the threshold in the 10th time window, with a load of 5.98 MW, and the minimum load increases to 3.1438 MW. The peak loads of the other charging stations are all less than 4.2 MW, with a minimum load of 3.221 MW. All charging station loads decrease to within the threshold, and the peak-to-valley difference decreases, which is beneficial for the stable operation of the charging stations.
In Scenario 2, charging stations 1, 4, and 6 have peak loads in the 8th and 9th time windows, with loads of 5.7546 MW, 5.7981 MW, and 5.6495 MW, respectively. In Scenario 3, charging stations 2, 6, 7, 8, and 11 approach the threshold in the 6th to 12th time windows, with charging station 7 having a peak load of 5.998 MW in the 10th time window.
Figure 7 illustrates the voltage variation of the nodes for the unordered and ordered charging strategies. The voltage deviation rate of nodes 14–18 exceeds the limit under the unordered strategy, which poses a threat to the safe operation of the distribution network. However, under the ordered strategy, the average voltage deviation rates of the distribution network for the three scenarios are 3.03%, 3.23%, and 3.53%, respectively, all of which are within the deviation limit of 7%. Therefore, the planning scheme can guarantee the safe operation of the distribution network.
[image: Figure 7]FIGURE 7 | Node voltage of distribution network.
5.3.3 Traffic network impact analysis
To describe the level of congestion, the TTI index is used as the evaluation indicator in this section, and the conversion relationship is shown in Table 5. In Scenario 1, after adopting the disordered charging strategy, 21.77% of the road segments were in a congested state, with a maximum TTI value of 2.02. After adopting the ordered charging strategy, even during the peak charging period from 16:20 to 16:35, only 11 road segments experienced slight congestion, accounting for 7.48% of the total, and the maximum TTI value was only 1.64. Although there are still a few lightly congested road segments, the traffic flow distribution is more even, which helps alleviate traffic congestion.
TABLE 5 | Relationship between TTI and traffic condition grade transition.
[image: Table 5]Figure 8 shows the distribution of road traffic in the three scenarios. In Scenario 2, 27 road sections experienced minor congestion between 16:20 and 16:40, accounting for 11.2% of the total. The average TTI was 1.41, with a maximum of 1.7. In Scenario 3, 53 road sections experienced congestion between 16:15 and 16:55, accounting for 36.1% of the total. The average TTI was 1.55, with a maximum of 1.812. As the fault range expanded, the number of congested roads increased significantly; however, the overall traffic flow remained relatively smooth. Therefore, the planning scheme can ensure the safe and continuous operation of the traffic network.
[image: Figure 8]FIGURE 8 | Number of vehicles in three scenarios. (A) Scenario 1 (B) Scenario 2 (C) Scenario 3.
5.4 Analysis of EV charging behavior and coupled network operation status

(1) The satisfaction index is used to evaluate the planning results under different weight ratios, and the impact of the preferences of drivers on path planning is quantitatively analyzed. The specific model is as follows:
[image: image]
where [image: image] and [image: image] are the economic and time costs of passing through the road nodes, respectively; [image: image] and [image: image] are the minimum values of the economic and time costs of passing through the road nodes respectively.
(2) This section uses the ratio of access capacity to transmission power to quantify the operating status of the charging station and uses satisfaction indicators to measure the effect of changes in the operating status of the charging station on the path planning result. The specific model is as follows:
[image: image]
where [image: image] is the utilization rate of charging station [image: image] at the current time; [image: image] is the access capacity of charging station [image: image] at the current time; [image: image] is the transmission power of the distribution network node connected to charging station [image: image].
(3) This section measures the importance of a coupling node by the proportion of lost capacity. The model is defined as follows:
[image: image]
where [image: image] is the percentage of the capacity loss for the current time of charging station [image: image]; [image: image] is the rated capacity of the failed charging station; [image: image] is the utilization rate of charging station [image: image] at the current time; [image: image] is the rated capacity of charging station [image: image].
Taking EV No.9 as an example, the satisfaction results are shown in Figure 9.
[image: Figure 9]FIGURE 9 | Satisfaction calculation results.
5.4.1 Impact of objective function weight on planning results
As shown in Figure 9, the satisfaction degree of the path planning results is all above 75%. Among them, when the weight ratio exceeds 3:7, the satisfaction degree exceeds 90%. This indicates that under the fault state, the travel time has a greater impact on the planning results, and the car owners tend to choose the path plan with the shortest travel time.
5.4.2 Impact of charging station operational status on planning results
When the utilization rate of charging piles is less than 1, the satisfaction of car owners is above 94%. When the utilization rate reaches 1, the satisfaction drops to 93.1%. This indicates that in a fault state, driving time has a greater impact on the planning results, when there are available charging spots in the charging station, the satisfaction is higher, and the impact of the charging station’s operational status on the planning results is smaller. When there is a queue in the charging station, the satisfaction of car owners is affected by the waiting time, and the impact of operational status of the charging station on the planning results deepens.
5.4.3 Impact of the importance of coupling nodes on the scope of fault propagation
To compare the propagation range of coupling failures in the transportation network caused by the power outage of coupling nodes with different importance levels, this section introduces two new scenarios: Scenario 4 and Scenario 5.
(1) Scenario 1: Node 4 in distribution network 2 fails, and charging station 5 connected to this node terminates service, with a power outage capacity ratio of 7.14%.
(2) Scenario 4: Node 15 in distribution network 1 fails, and charging station 4 connected to this node terminates service, with a power outage capacity ratio of 6.57%.
(3) Scenario 5: Node 11 in distribution network 3 fails, and charging station 10 connected to this node terminates service, with a power outage capacity ratio of 2.7%.
The number of road vehicles in Scenario 4 and Scenario 5 are shown in Figure 10. Comparing Scenario 1 and scenario 5, it can be observed that when a heavily affected charging station fails, there are significantly more congested road sections than when a lightly affected charging station fails, indicating a more pronounced impact on the transportation network. Comparing Scenario 1 and scenario 4, it can be seen that station 5 can distribute the affected charging flows to nearby stations such as stations 1, 2, 4, and 6, as well as the more remote station 10. Although the moderately congested road sections are more numerous than in scenario 4, the flow peak-to-valley ratio is smaller, indicating a more even distribution.
[image: Figure 10]FIGURE 10 | The number of vehicles in scene 4 and scene 5. (A) Scene4 (B) Scene5.
Therefore, after a fault occurs, the overall state of the transportation network is affected not only by the capacity of the failed node, but also by the geographical location of the failed node within the transportation network and the distribution of nearby charging stations.
5.5 Impact of charging station load weighting coefficients on path planning results
When setting the load weighting coefficient of all charging station nodes in Scenario 1 to 0.1, the scheduling result is still the closure triggered by the connection switch 2-S37, and the loads of third-level loads 10, 14, 19, 21 in the first distribution network, loads 9, 27, 29 in the second distribution network, and loads of charging stations 4 and 7 are shed. The proportion of slightly congested road segments in the traffic network are 7.8%, 11.2%, and 36.1%, respectively, with no moderately congested road segments.
When the load weighting factors of all the charging station nodes in Scenario 1 are set to 0.01, the dispatching result is changed to the closure of the switch 2-S35, and the third-level loads 3, 10, 19, and 21 in the 1st distribution network and the loads of charging stations 1, 2, 5, 11, and 12 in the 2nd distribution network are shed, as well as loads 3, 9, 22, 27, 29, and 30 in the 2nd distribution network. At this point, the proportion of lightly congested road sections is 38.46%, with no moderately congested road sections. Charging stations 3, 6, 7, 9, and 13 are close to their threshold loads in the 4th to 12th time windows, and EV route planning fails for stations 5, 7, and 10. The distribution of road traffic flow is shown in Figure 11. If the operating constraints of the traffic network are released, the proportion of lightly congested road sections would reach 49.63%, with road sections 63, 75, 98, 117, 130, 131, and 135 becoming moderately congested, accounting for 4.76% of the total, and the maximum TTI value reaching 2.08.
[image: Figure 11]FIGURE 11 | The number of vehicles when the weight coefficient is 0.01.
5.6 Output performance of different solution algorithms
Currently, commonly used global path planning algorithms include A* algorithm and Dijkstra algorithm. The Dijkstra algorithm selects the shortest edge from the previous node as the search path, which may traverse the entire network before reaching the target node, and cannot guarantee search efficiency. The proposed path planning solution in this paper continuously updates the planning results based on real-time network information within a short period of time, and it is necessary to ensure that the search time is less than the update time. In order to verify the impact of different algorithms on the solving speed and performance, a planning function with the shortest distance as the goal is constructed, and two algorithms are used to solve the path planning model that needs to be charged, and the simulation results are obtained as shown in Table 6 and Figure 12.
TABLE 6 | Comparison of different algorithms.
[image: Table 6][image: Figure 12]FIGURE 12 | Comparison of the results of different algorithms for solving parameters.
In a small area of road network, the performance of Dijkstra algorithm and A* algorithm for solving path planning problems is similar. However, as the size of the road network increases, A* algorithm has advantages over Dijkstra algorithm in terms of time complexity and space complexity. Experimental results show that in a large area of road network, the number of nodes marked by Dijkstra algorithm exceeds the number of nodes in the network, with the maximum number of marked nodes reaching twice the number of nodes in the network. Therefore, A* algorithm is more suitable for the path planning model proposed in this paper.
6 CONCLUSION
In response to the uncontrolled charging behavior of EVs and its impact on the coupled network after a distribution network failure, this study considers the propagation path of coupled faults and establishes an EV path planning model with the objectives of minimizing EV travel costs, optimizing the distribution network, and traffic operation status. To accurately calculate the travel time of vehicles on road segments, a road impedance model is established based on the traffic wave theory and Logistics speed-density model, considering three traffic conditions. The conclusions are as follows.
1) During high load peak periods, midstream road segments experience severe density fluctuations. Analyzing the evolution of traffic flow under multi-time scales from the perspective of macro traffic flow fluctuations is more in line with the actual situation of the traffic network.
2) Under the influence of coupled faults, downstream queue length and incoming traffic at upstream intersections increase significantly, resulting in complex traffic conditions in the midstream. The time-time occupancy rate model established in this study can accurately calculate the travel time of vehicles based on the fluctuation of traffic flow under different spatiotemporal states.
3) Based on the background of coupled fault propagation between the two networks, the optimal path planning solution proposed in this paper can significantly reduce the travel time of EVs, rationally allocate EV traffic, reduce the peak-to-valley difference of the distribution network load, block the further propagation of coupled faults, and ensure the safe and stable operation of the distribution network and traffic network after the failure.
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