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Abstract: Rapid transit systems have been playing a significant role to support rapid social and 11 

economic development in large cities all over the world. However, the systems consume a large 12 

amount of energy which brings increasing environmental concerns. A number of energy-saving 13 

technologies have been studied on railways. However, few of the outcomes have been tested and 14 

evaluated in practice. This paper presents the development of a timetable optimization and trial test 15 

on a metro line to reach the full potential of the train regenerative braking system. To achieve this 16 

purpose, a timetable optimization algorithm has been developed, and a trial test of the optimal time- 17 

table has been arranged on a metro line for a whole day. In the test, all the trains running in the 18 

network were organized to operate in accordance with the optimal timetable. The trial test results 19 

indicate that by applying the optimal timetable, the regenerative braking energy utilization can be 20 

improved, thereby reducing the overall network energy usage.  21 
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 23 

1. Introduction 24 

Rapid transit systems have gained in popularity because of their efficiency and con- 25 

venience in modern cities. However, due to the rising awareness of environmental sus- 26 

tainability, modern electric railway systems are receiving more attentions in the recent 27 

arguments on energy saving because of the high energy usage in day-to-day services [1]. 28 

For instance, the annual electricity consumption of the London Underground is 1.3 TWh 29 

[2] at an estimated cost of £159m, which is equivalent to all the households in Nottingham. 30 

To improve energy efficiency, modern trains are equipped with regenerative braking sys- 31 

tems, which capture the kinetic energy from braking and convert it into electrical power 32 

that can be used by other motoring trains. Therefore, timetable makes an important im- 33 

pact on train regenerative braking utilization. An optimal timetable is able to provide a 34 

means of reducing energy consumption by reaching full potential of train regenerative 35 

braking systems.  36 

A large number of scholars have presented different methods to model railway 37 

operations and develop optimal running strategies to improve operational efficiency. Zhi 38 

developed a common train timetabling mathematical model, which can calculate the most 39 

appropriate timetable according to different objectives, including robustness and dwell 40 

time [3]. Parbo proposed to use an optimally synchronized timetable to reduce the 41 

passenger waiting time when using public transportations [4]. The method was 42 

demonstrated on a large rail network and the result showed an annual weighted waiting 43 

time reduction of approximately £5.3m. Shuai developed an approach to adjust the service 44 

time for multiple trains to maximize the utilization time of train regenerative braking 45 
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systems [5]. Xin presented a new method to optimize a timetable on a metro network [6]. 46 

Using the optimal timetable, the train stopping pattern was optimized. Therefore, a 47 

majority of train regenerative energy could be used by other motoring trains. Shoichiro 48 

also developed a similar algorithm to improve energy-saving performance utilizing the 49 

ATO (Automatic Train Operation) system, which extended the application range of the 50 

algorithm [7]. Montrone proposed an optimisation problem to identify the inter-station 51 

running times for the railway timetable definition to minimize the energy consumption. 52 

The result was compared with commercial software to prove its effectiveness [8]. Lopez 53 

carried out a comprehensive study on DC railway system energy issues and found that 54 

the train regenerative braking can facilitate railway energy efficiency [9].  55 

Most of the previous timetable optimization research outcomes are based on 56 

simulations without trial tests or practical vilifications. For example, Xin has developed 57 

scheduling rules to improve the train overlapping time, but has not identified the impact 58 

on the regenerative braking energy utilization [6]. Montrone has used two simulation 59 

tools, namely modeFRONTIER and Opentrack, to calculate and validate the train energy 60 

consumption results [8]. Due to environmental and human disturbances, such as high 61 

passenger boarding and alighting rates in peak-time hours, system failures, etc., trains 62 

may perform differently compared with their modelling and simulation results [10]. 63 

Therefore, in order to identify and prove the practicability of the proposed approach, trial 64 

tests should be carried out. 65 

The content of the paper is shown as follows, firstly, a train kinematics modelling is 66 

described to provide a general understanding of train energy consumption calculations. 67 

Secondly, the development of a timetable modelling and optimisation algorithm is pre- 68 

sented, followed by the description of a trial test on a typical metro line. The energy con- 69 

sumption data was exported from train onboard measurement systems after the test to 70 

evaluate the optimisation results.  71 

2. Train Motion Kinematics  72 

To facilitate the understanding of the impact of timetable optimization, Equation (1) 73 

is used to calculate the fundamental physics of train motions, which is based on Newton’s 74 

laws of motion [11]. 75 

{
  
 

  
 
𝐹𝑡𝑜𝑡𝑎𝑙 = 𝐹𝑡𝑟(𝑣) − 𝐹𝑏𝑟(𝑣) − 𝑅𝑑(𝑣) − 𝑅𝑐(𝑣) − 𝐹𝑔                  

     
 𝑅𝑑(𝑣) = 𝑎 + 𝑏|𝑣| + 𝑐𝑣

2                                                               

 𝑅𝑐(𝑣) =
𝜃

𝑅𝑎𝑑
𝑀𝑔                                                                             

     
 𝐹𝑔 = 𝑀𝑔𝑠𝑖𝑛(𝛼)                                                                                

             (1) 76 

where Ftotal is the total force; v is the train speed; Ftr and Fbr are the tractive effort and 77 

braking effort respectively; Rd is the motion resistance, which is formed by train speed and 78 

three constant numbers, a, b and c, known as Davis equation [12]; Rc is the resistance due 79 

to the curve; Fg is the resistance due to the gradient; 𝜃 is a fixed number, the value is set at 80 

600 in this modelling; Rad is the radius of curvature; M is the train mass; g is the gravita- 81 

tional acceleration; α is the gradient angle. The train motion equation can be further de- 82 

scribed based on different train movement modes, including motoring, cruising, coasting 83 

and braking, as shown in Table 1 [13]. 84 

 85 

Table 1. Train movement modes. 86 

Movement Mode Equations 

Motoring 𝐹𝑡𝑜𝑡𝑎𝑙 = 𝐹𝑡𝑟(𝑣) − 𝑅𝑑(𝑣) − 𝑅𝑐(𝑣) − 𝐹𝑔 

Cruising 𝐹𝑡𝑜𝑡𝑎𝑙 = 𝐹𝑡𝑟(𝑣) − 𝑅𝑑(𝑣) − 𝑅𝑐𝑢(𝑣) − 𝐹𝑔 = 0 
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Coasting 𝐹𝑡𝑜𝑡𝑎𝑙 = −𝑅𝑑(𝑣) − 𝑅𝑐(𝑣) − 𝐹𝑔 

Braking 𝐹𝑡𝑜𝑡𝑎𝑙 = −𝐹𝑏𝑟(𝑣) − 𝑅𝑑(𝑣) − 𝑅𝑐(𝑣) − 𝐹𝑔 

 87 

In the motoring mode, the tractive power is used to overcome the resistance and in- 88 

crease the train speed. This movement mode requires a large amount of tractive energy. 89 

When the train is in the cruising mode, the tractive power is used to overcome the train 90 

resistance and gravitational force only. The train speed is maintained at a constant num- 91 

ber. The power demand in this mode is much smaller than that in the motoring mode. In 92 

the coasting mode, no tractive power is required. The train speed is affected by the re- 93 

sistance and the gravitational force. Finally, in the braking mode, the braking effort pro- 94 

duced by air braking systems or regenerative braking systems is applied to reduce the 95 

train speed. 96 

3. Methodology 97 

3.1.  Timetable Optimization 98 

In modern railways, train braking force is generally provided by air braking systems 99 

and regenerative braking systems. Air braking systems reduce the train speed by applying 100 

friction braking blocks. The train kinetic energy is then converted to heat and therefore 101 

wasted. Regenerative braking systems reduce the train speed by converting the train ki- 102 

netic energy to electrical energy as an electric generator. The produced energy can be used 103 

by other trains in the same electrical network. However, due to the high costs of trackside 104 

and train onboard energy storage systems, if the regenerated energy cannot be utilized by 105 

other trains instantly, it will be discarded. 106 

In the timetable optimization, to reach the full potential of the train regenerative brak- 107 

ing systems, a braking synchronization strategy is developed. As shown in the green box 108 

of Figure 1, if Train 1 is braking when Train 2 is motoring in the same electrical section, 109 

the regenerative power produced from Train 1 can be used by Train 2, thereby improving 110 

the energy efficiency. This pair of trains is recognized as a synchronized group. The over- 111 

lapping time of the motoring and braking is recognized as synchronized time.  112 

 113 
Figure 1. Regenerative braking power utilization 114 

 115 

The optimization proposed in this work aims to maximize the synchronized groups 116 

and synchronized time by searching for the most suitable train service interval times with 117 

journey time constraints. Equation (2) shows the optimization fitness function. 118 
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min  𝑇𝑆𝑇 =∑(𝑆𝑇𝑖 × 𝑤𝑠𝑡)

𝑆𝐺𝑛

𝑖=1

                                                              

     
          [𝑆𝐺𝑛 , 𝑆𝑇𝑠𝑒𝑡] = 𝑓(𝑆𝐼𝑠𝑒𝑡)                                                    

              (2)  119 

where TST is the overall synchronized time that will be minimized; SGn is the number 120 

of the synchronized groups; ST is the synchronized time for each synchronized group; wst 121 

is the weighting that is associated with the ST. The value of the weighting depends on the 122 

distance between the braking train and the motoring train. If the distance is long, the 123 

power transmission loss becomes high, thus a small weighting shall be given; SI is the 124 

train service interval. The train single journey time and whole day operation time are 125 

shown in Equation (3). 126 

{
 
 
 
 

 
 
 
 

     

 𝑇𝑠𝑖𝑛𝑔𝑙𝑒 =∑(𝐼𝑇𝑖 + 𝐷𝑇𝑖)                                              

𝑠𝑛

𝑖=1

                                                 

 𝑇𝑑𝑎𝑦 =∑(𝑇𝑠𝑖𝑛𝑔𝑙𝑒 + 𝑆𝐼𝑖)

𝑡𝑛

𝑖=1

,   𝑖𝑓 |𝑆𝐼𝑖 − 𝑆𝐼𝑠𝑖|  ∈ [0, 𝑆𝐼𝑎𝑙𝑙𝑜𝑤]                                     

 
𝑇𝑑𝑎𝑦 = 𝑇𝑠𝑑𝑎𝑦                                                                                                                  

 
 𝑆𝐼 ≥ 𝐻𝐷𝐿𝑚𝑖𝑛                                                                                                                  

(3)  127 

 128 

where Tsingle is the single train journey time; sn and tn are the numbers of trains and 129 

stations operating in the line every day; IT is the inter-section journey time; DT is the 130 

dwelling time; Tday and Tsday are the simulated and scheduled whole day running time; SIs 131 

is the original service interval; SIallow is the allowance between the original service interval 132 

and the optimal service interval; HDLmin is the minimum headway time according to the 133 

signaling system. In practice, the train dwelling time is specifically calculated to meet the 134 

passenger demands. Therefore, the dwelling time is not considered in the optimization. 135 

3.2.  Optimization Algorithm Development 136 

For a given problem, numerical algorithms, such as Brute Force or Dynamic Pro- 137 

gramming, can guarantee to find the global optimal result as these algorithms calculate 138 

all possible solutions in the solution domain. Unfortunately, as the problem becomes more 139 

complex, the numerical algorithms become impractical due to large computation times. 140 

Therefore, a genetic algorithm has been developed in this work. As a metaheuristic 141 

method, the algorithm applies a heuristic random searching method using biological evo- 142 

lution. It includes an iterative process that operates based on a population of individuals. 143 

The process includes a few steps such as initialization, evaluation, crossover, mutation, 144 

selection, and replacement. The algorithm uses heuristic guidance to search for the opti- 145 

mum, thereby significantly reducing the computation time with satisfactory suboptimal 146 

solutions.  147 

 148 

 149 
Figure 2 Flowchart of the GA 150 
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Step 1: Initialization. As shown in the process below, to form the initial generation, 152 

the genetic algorithm firstly produces a random population of individuals (inum). Each in- 153 

dividual represents a potential solution to the optimization problem. The number of the 154 

individual numbers is recommended at 100 in this work[14]; 155 

1) When i=1, the algorithm generates a vector V1 to represent a single solution. 156 

2) Let i=i+1, the algorithm generates another vector Vi. 157 

3) Repeat 2) until i>inum to form the full generation. The algorithm then moves to Step 2 158 

below. 159 

Step 2: Evaluation. All the produced solutions need to be evaluated to identify their 160 

performance to the given problem. 161 

1) Each solution will be used to produce a full-day timetable.  162 

2) The full-day timetable will be imported to a train simulator to calculate the synchro- 163 

nized groups, overlapping time, train regenerative energy and full-day energy usage. 164 
𝐸𝑉𝐴𝐿𝑈𝐴𝑇𝐼𝑂𝑁(𝑉) = 𝑔(𝐼𝑇𝑠𝑒𝑡 , 𝑆𝑇𝑠𝑒𝑡  )                                                     (4) 165 

3) The solution with the smallest energy consumption represents the best individual. 166 

Then move to Step 3 below. 167 

Step 3: Genetic Operation. A genetic operation is introduced to choose appropriate 168 

individuals for producing new individuals to form the next generation. The operation 169 

contains different phases, including selection, crossover, mutation and replacement. In 170 

the selection phase, the top-ranking individuals (e.g. tnum=10) will be retained for the next 171 

generation. In the crossover and mutation phase, the following individuals (e.g. 172 

cnum=mnum=40) will be chosen for the crossover and mutation [15].  173 

1) When i=1, the algorithm produces a vector V’=EVALUATION(Vi).  174 

2) Let i=i+1, the algorithm repeats the above process and generates V’i until i>tnum. The 175 

program then moves to the crossover operation. 176 

3) When j=1, the algorithm chooses one element from two individuals and exchanges 177 

the elements with each other randomly. Assuming the individuals Vα=(v1, …, vp, …, 178 

vq,…) and Vβ= (v’1, …, v’p, …,v’q,…), and the elements p and q are chosen. After the 179 

crossover operation, the new individuals will look as V’α=(v1, …, v’p, …, v’q,…) and V’ 180 

β= (v’1,…, vp, …, vq,…). 181 

4) Let j=j+2, the algorithm repeats the process above until j>cnum. The program then 182 

moves to the mutation operation. 183 

5) When k=1, the algorithm chooses one element from an individual and replaces it with 184 

a random value which meets all the constraints in Equation (2) and Equation (3). For 185 

instance, assume the individual Vγ= (v1,…vs, …) and the element s are selected. After 186 

the mutation operation, the new individual will look as V‘γ= (v1,…v’s, …). 187 

6) Let k=k+1, the genetic algorithm repeats the process above until k>mnum.  188 

Step 4: Replacement. In the replacement phase, the algorithm will produce random 189 

individuals to replace the remaining individuals (e.g. rnum =10) in EVALUATION(V);  190 

1) When l=1, the existing Vl is replaced by V’l, which is produced randomly by the algo- 191 

rithm and meets all constraints in Equation (2) and Equation (3). 192 

2) Let l=l+1, the algorithm repeats the process above until l>rnum. 193 

Step 5: Assembling. After the genetic operations, the produced individuals will be 194 

formed into a new generation. 195 

𝑉′ = [𝑉𝑖
′, … . , 𝑉𝑖+𝑡_𝑛𝑢𝑚

′ , … , 𝑉𝑖+𝑡𝑛𝑢𝑚+𝑐𝑛𝑢𝑚 ,
′ , … 𝑉𝑖+𝑡𝑛𝑢𝑚+𝑐𝑛𝑢𝑚+𝑚𝑛𝑢𝑚 ,

′ , … 𝑉𝑖+𝑡𝑛𝑢𝑚+𝑐𝑛𝑢𝑚+𝑚𝑛𝑢𝑚+𝑟𝑛𝑢𝑚,
′ … , 𝑉𝑖𝑛𝑢𝑚

′ ] (5) 196 

Step 6: Termination. The new generation will be evaluated to identify their perfor- 197 

mance to the given problem from Step 2 above. The iteration will continue until the ter- 198 

mination condition is matched (e.g. the generations number exceeds 100). 199 

4. Metro Line Trial Test 200 

4.1. Trial Test Introduction 201 
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A timetable optimization has been introduced in the previous chapters. It is im- 202 

portant to apply the optimization result in a trial test to verify its performance and evalu- 203 

ate its reliability. In this work, a trial test has been arranged on one of the metro lines in 204 

Guangzhou city, China. It is an urban metro line connecting the city center to suburban 205 

areas. The line is approximately 17 km long with 7 intermediate stations. The single jour- 206 

ney time is 45 minutes and the turn-over times at the terminal stations are 135 seconds 207 

and 145 seconds respectively. The station dwelling times at the intermediate stations are 208 

between 35 to 45 seconds depending on the passenger flow.  209 

144 train services are provided every day. 45 services are operating during the peak- 210 

time hours with a 3-minute service interval. In the off-peak time hours, the service interval 211 

increases to 8 minutes. The interval time is designed based on the up-to-date passenger 212 

demand and can be re-scheduled every 4 months in practice. Therefore, this line was cho- 213 

sen for the trial test. Table 2 and Table 3 show the scheduled inter-section journey times 214 

and service intervals of the line. 215 

 216 

Table 2. The scheduled inter-station journey times. 217 

Down direction (↑)  Up direction (↓) 

Dwelling 

time, seconds 

Inter-station jour-

ney time, seconds 

Station 

number 

Inter-station jour-

ney time, seconds 

Dwelling 

time, seconds 

Turnover at the terminal station：145 seconds  

90 225 1 0 50 

35 154 2 295 35 

40 162 3 155 40 

35 139 4 182 35 

45 120 5 142 45 

35 143 6 120 35 

35 133 7 144 35 

35 90 8 130 35 

50 0 9 90 90 
  Turnover at the terminal station：135 seconds 

 218 

Table 3. Scheduled service intervals and optimal service intervals  219 

Service pattern for the 

whole day 

Number of 

services 

Service interval (mm:ss) 

Scheduled timetable Optimal timetable  

Peak-shift time 6 05:54 to 09:35 05:54 to 09:35 

Morning peak-time 20 05:16 05:22 (+6 seconds) 

Peak-shift time 1 06:40 06:40 

Morning off-peak time 58 08:20 08:17 (-3 seconds) 

Peak-shift time 1 05:40 05:40 

Evening peak-time 25 05:16 05:22 (+6 seconds) 

Peak-shift time 1 05:20 05:20 

Evening off-peak time 28 08:20 08:17 (-3 seconds) 

Peak-shift time 2 09:45 to 09:55 09:45 to 09:55 

Total time： 144  66228 seconds 66240 seconds 

Total braking 

synchronized time: 
 115232 123373 
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Table 4 shows the train traction system characteristics. The train is equipped with a 220 

regenerative braking system with the maximum traction power and regenerative power 221 

at 3700 kW. The train tare mass is 204 tonnes and the top operational speed is 80 km/h. 222 

The passenger load is changing depending on the passenger flow. The train uses a 223 

DC 1500 V third-rail power supply system. The total train length is 118 meters with 6 car- 224 

riages. The train can be controlled by a human driving system or an Automatic Train Op- 225 

eration system. 226 

 227 

Table 4. Train characteristics. 228 

Subjects Value 

Rolling stock mass (tonne) 204  

Maximum passenger load (tonne) 127 

Power supply DC 1500V 

Maximum tractive power (kW) 3700 

Maximum braking power (kW) 3900 

Rotary allowance 0.08 

Tractive force (kN) 290 

Braking force (kN) 350 

Train formation EMU 4M2T (4 motor cars, 2 trailer cars) 

Train length (meter) 118 

Top operational speed (km/h) 80 

 229 

Table 3 shows the proposed optimal service intervals calculated by the developed 230 

algorithm with the constraints requested by the metro operator. The morning and evening 231 

peak-time service interval is increased by 6 seconds from 5:16 to 5:22, and the off-peak 232 

time service interval is reduced by 3 seconds. The difference between the whole day op- 233 

eration time is only 12 seconds, which is accepted by the operator. Furthermore, when 234 

using the optimal timetable, the total synchronized time is increased from 115232 to 235 

123373 compared with the number using the scheduled timetable. The improved synchro- 236 

nized time can improve the utilization of the regenerative braking energy and thus reduce 237 

the maximum power demand and energy usage on the line. 238 

The trial test was arranged in three steps: 239 

(1) The optimal timetable was submitted to the operation department of the metro 240 

operator for approval along with a trial test plan, which presented the test pro- 241 

cess, and the potential impact on the network operation. 242 

(2) Before the trial test, the staff from the operation department shall import the op- 243 

timal timetable into the traffic management system (TMS). All the trains (with 244 

automatic train operation systems or human drivers) in the network should op- 245 

erate following the new arrangement. 246 

(3) The whole-day train energy usage results from the trial test should be compared 247 

with the data on a different day using the scheduled timetable (but the day of the 248 

week keeps the same, e.g. Wednesday vs Wednesday). To reduce any uncer- 249 

tainty, the test was arranged on a workday, rather than at weekends. This is be- 250 

cause the passenger flow at the weekends may change significantly due to events 251 

or weather.  252 

As the first trial test, to reduce the test complexity and minimize the impact of the 253 

change, the optimal timetable must meet the constraints given by the metro operator. For 254 

example, the changes in the service intervals must be within 5 seconds.  255 
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4.2. Results and Discussions 256 

It is important to note that all the train running data are recorded using the onboard 257 

train monitoring recorder (OTMR), which is a device that records data about the train 258 

performance in response to the driver’s controls, including the time, position, tractive 259 

power, etc. Therefore, all the results presented in Table 5 are real-world data, rather than 260 

simulations. 261 

In Table 5, the energy consumption and journey time are compared with the data 262 

captured on the other day using the scheduled timetable. It can be found that after apply- 263 

ing the optimal timetable, the whole day journey time is not changed, which proves that 264 

the optimum timetable does not bring a significant impact on the train network. Further- 265 

more, the differences in the train tractive energy usage and auxiliary energy usage are 266 

very small (within 0.2%), which means the passenger flow demand on these two days is 267 

similar. It can be observed from the table that the whole-day train regenerative braking 268 

energy utilization is increased by 4.1% from 23848 kWh to 24823 kWh. This shows that by 269 

implementing the optimal timetable, the efficiency of the regenerative braking system can 270 

be improved as the trains are operating with a more advanced energy utilization strategy. 271 

Such an improvement helps to reduce the total network energy consumption from 51767 272 

kWh to 50649 kWh without affecting the passenger flow.  273 

Table 5. Comparison between the optimal timetable trial test and normal operation 274 

TCMS output data Normal operation day 

(with scheduled timetable) 

Trail test day  

(with optimal timetable) 

Operation time 18.4 hours 18.4 hours 

Total energy usage 
51767 kWh 50649 kWh (-2.2%) 

Train tractive energy 

usage 
64187 kWh 64030 kWh (-0.2%) 

Auxiliary energy 

usage 
11428 kWh 11442 kWh (+0.1%) 

Train regenerative 

braking energy usage 
23848 kWh 24823 kWh (+4.1%) 

 275 

In practice, the timetable of this metro line is reviewed every season and can be re- 276 

designed if necessary (for example, if the passenger flow demand is changed). The energy 277 

reduction from the trial test meets the requirements of the metro operator. Therefore, the 278 

optimal timetable can be permanently applied to the network for daily services. Further- 279 

more, as the first trial test, the existing algorithm only optimizes the service interval. The 280 

result can be further improved if other variables, such as the dwelling time, can be con- 281 

sidered in the optimization.  282 

4. Conclusion 283 

In this paper, a timetable optimization and trial test work have been presented. The 284 

article has firstly introduced a train kinematics model to develop a train motion simula- 285 

tion. After that, an optimization algorithm has been proposed to reach the full potential 286 

of the train regenerative braking system and maximize the utilization of the regenerative 287 

braking energy. A trial test was carried out on a metro line for a whole day to verify the 288 

performance and practicability of the optimization results. All the trains running on the 289 

network during the trial test were required to operate in accordance with the optimal 290 

timetable. The energy consumption data was captured from the train onboard measure- 291 

ment systems and compared with the data from another day with the scheduled timeta- 292 

ble. 293 
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The trial test shows that by implementing the optimal timetable, the utilization of the 294 
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