
▪ Most previous methods utilize a single method to control
buses (e.g., bus holding; speed operation; signal priority).

▪ Considers a single type of uncertainties and treating the
uncertainties with an analytical distribution

▪ Suffers heavy computation load by exactly solve a
constrained stochastic optimization

▪ Scheduled bus motion module

𝑡𝑗+1
𝑖 = 𝑡𝑗

𝑖 + 𝛽𝑗𝐻𝑗
𝑖 + 𝑣𝑗 + 𝑙𝑗

▪ Disturbance module
Temporal and spatial varying disturbances contribute to the
realism of the environment

Delay disturbance 𝑤𝑗
𝑖~𝐷𝑤;

Passenger demand uncertainty ∆𝛽𝑗
𝑖~𝐷𝑝

▪ Actual bus motion module

𝑎𝑗+1
𝑖 = 𝑎𝑗

𝑖 + ෨𝛽𝑗
𝑖ℎ𝑗

𝑖 + 𝑣𝑗 + 𝑢𝑗
𝑖 + 𝑤𝑗

𝑖

ℎ𝑗
𝑖 = 𝑎𝑗

𝑖 − 𝑎𝑗
𝑖−1; ෨𝛽𝑗

𝑖 = 𝛽𝑗 + ∆𝛽𝑗
𝑖

Control force 𝒖𝒋
𝒊: represents the bus 𝑖’s

time adjustment from station 𝑗 to station 𝑗 + 1

𝒖𝒋
𝒊 > 𝟎: implemented by bus holding control

𝒖𝒋
𝒊 < 𝟎: implemented by other generic strategies

(operation speed control; transit signal priority)
▪ Error dynamic module

Errors representing the deviations from equilibrium point

Schedule deviation: 𝑒𝑗
𝑖 = 𝑎𝑗

𝑖 − 𝑡𝑗
𝑖;

Headway deviation: 𝑑𝑗
𝑖 = ℎ𝑗

𝑖 − 𝐻𝑗
𝑖;

Measuring the headway deviation between bus 𝑖 and 𝑖 −
𝑘 to ‘actively’ anticipate the headway errors propagation:

𝑑𝑗
𝑖,𝑖−𝑘 = ℎ𝑗

𝑖,𝑖−𝑘 − 𝑘𝐻𝑗
𝑖

; Weighted headway deviation ሚ𝑑𝑗
𝑖 that integrates downstream

bus information to achieve consensus:
ሚ𝑑𝑗
𝑖 = 𝛼𝑖−1𝑑𝑗

𝑖 + 𝛼𝑖−2𝑑𝑗
𝑖,𝑖−2 +⋯+ 𝛼𝑖−𝑘𝑑𝑗

𝑖,𝑖−𝑘
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Background

Deep reinforcement learning

▪ Bus bunching problem refers to a group of two or more
buses, although initially planned to be regularly spaced
along the same route, arrive at the same bus stop
simultaneously due to travel time and passenger demand
uncertainty.

▪ Efficiently controlling buses to solve bus bunching.

▪ Suitable for capturing complex and stochastic system
characteristics.

▪ Rapidly implemented in online process.

Equilibrium and consensus concept
▪ Regulate bus close to the pre-defined equilibrium point.
▪ Gives DRL an exploration direction in the training

process to improve the convergence.
▪ Consensus as a crucial property of multi-agent networks

can effectively impede the accumulation of disturbances

Objectives
▪ Integrate multiple continuous-variable-based control

methods to form a generic bus control strategy.
▪ Utilize adequate historical and real-time traffic

information to make the control algorithm more efficient.
▪ Incorporate the merits of DRL, equilibrium concept, and

consensus concept to enhance system robustness.

CONTROL METHODOLOGY

NUMERICAL EXPERIMENTS

SYSTEM DESCRIPTION

▪ Bus can obtain information of itself
and its downstream 𝐤 buses.

▪ Bus adopts the control force 𝑢𝑗
𝑖

output by the DRL-based model at
each station.

DRL-based algorithm design (MDP Scheme)
▪ State representation 𝐬𝐢

𝐭 = [𝑒𝑗
𝑖, ሚ𝑑𝑗

𝑖, ෨𝛽𝑗
𝑖ℎ𝑗

𝑖]

𝑒𝑖
𝑡: schedule deviation; ሚ𝑑𝑗

𝑖: weighted headway deviation 
෨𝛽𝑗
𝑖ℎ𝑗

𝑖: actual dwell time

▪ Action representation 𝑢𝑗
𝑖 = 𝜋𝜃 𝐬𝐣

𝐢 , representing time 
adjustment at each station.

▪ Policy representation 𝜋𝜃
𝜋𝜃depends on the neural network parameter 𝜃, which
assigns probabilities to every possible action 𝒂𝐢

𝐭 given
each state 𝐬𝐢

𝐭. 𝜋𝜃 is improved to 𝜋𝜃
∗ after training.

▪ Reward (opposite of stage cost) representation 𝑟𝑖
𝑡

Multiple objectives: (i) schedule deviation 𝑒𝑖
𝑡; (ii) weighted

headway deviation ሚ𝑑𝑗
𝑖; (iii) control force 𝑢𝑗

𝑖

Stage cost: 𝑐𝑗
𝑖 = (𝐱𝐢

𝐭)T𝐐𝐢𝐱𝐢
𝐭; 𝐱𝐢

𝐭 = [𝑒𝑖
𝑡 , ሚ𝑑𝑗

𝑖 , 𝑢𝑗
𝑖]

Reward: 𝑟𝑖
𝑡 = exp −𝑐𝑗

𝑖

𝐐𝐢 is a diagonal matrix with three objective coefficients.

Distributed Proximal Policy Optimization
▪ DPPO algorithm for policy iteration in the training process, 

which incorporates an actor network and critic network.
▪ Parallel version of the PPO algorithm
Actor network
▪ Responsible for selecting actions based on its policy 

parameter θ. Objective function:
𝐿𝐶𝐿𝐼𝑃(𝜃) = 𝐸𝑡[min 𝑝𝑡 𝜃 መ𝐴𝑡, 𝑐𝑙𝑖𝑝 𝑝𝑡 𝜃 , 1 − 𝜀, 1 + 𝜀 መ𝐴𝑡)

▪ Use the clipping method to  make the policy gradient less 
sensitive to the step size

Critic network
▪ Responsible for evaluating the current policy 𝜋𝜃 with 

parameter 𝛷. Objective function:

𝐿𝑐 𝛷 = 𝐸𝑡 𝑅𝑡 − 𝑉𝛷 𝐬𝐢
𝐭

2
, estimate advantage function   

መ𝐴𝑡 = 𝑅𝑡 − 𝑉𝛷 𝐬𝐢
𝐭 for the actor network.

Training procedure and results
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Bus trajectories under different 

strategies

schedule deviation (a-e) and 

headway deviation of bus 9-12 

under different cases

Resilience validation
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Schedule robustness and 

headway robustness of 

different control strategies

▪ Generalization capability has been validated regarding 
different scenarios.

CONTRIBUTIONS
▪ Developing a distributed DRL-based integrated

dynamic bus control method to efficiently solves the
bus bunching problem.

▪ Better utilizing the bus historical and real-time traffic
information by incorporating these stochastic
characteristics into the DRL environment.

▪ Incorporating the merits of the equilibrium concept
and consensus control theory in the DRL framework,
which effectively prevents errors amplifying.

Reward trajectories for 

proposed models

Research Gap
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