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Abstract 
The primary aim of this research project is to study 
pedestrian simulation and how it impacts on vehicle 
traffic at key pedestrian crossings. This is a vital 
element in modern and future city planning. In 
particular we are interested in how pedestrians interact 
with traffic flows and traffic signal controls and how 
these can be aided by Artificial intelligence approaches. 
 
1. Introduction 

These Core elements of this research project will 
involve simulation, multi-agent reinforcement learning 
and other well-known Artificial Intelligence 
approaches.  Key aspects involve, examining how 
intelligent agent technology can be used both to model 
real pedestrian movements, but also how artificial 
intelligence can be used to manage and optimise both 
traffic flows and interactions with pedestrians. A key 
example of this would be determining the correct 
strategy for pedestrian light sequences at a particularly 
important junction in a large city. The correct sequence 
can offer a safe and timely solution to an otherwise 
chaotic scenario, yet an incorrect sequence can lead to 
massive frustration and unsafe circumstances for both 
pedestrians and motorists. Multi-Agent systems 
(M.A.S) simulation techniques will be used to examine 
methods of controlling traffic flows through smarter 
cities, involving pedestrians in an urban setting. M.A.S 
is a system composed of multiple intelligent agents 
within an environment learning to achieve particular 
goals, by working together, sharing knowledge or 
competing against each other for resources. 
Reinforcement Learning (RL) is the area of AI I have 
chosen to apply multi-agents to. RL [1] allows agents to 
learn by experiencing rewards and punishments, 
through interactions with the environment. A reward 
function enables the agent to iteratively learn an optimal 
or near optimal policy. One common algorithmic 
approach from this field is Q-learning. Typically an 
agent learns a Q-function  (Q(s, a)), which estimates the 
best long-term sum of rewards it could receive starting 
with a specific action from current-state. An agent can 
be in a current-state (s) and move to the next-state (s'), 
due to an action (a) (e.g. North, south, east, west) taken 
with the highest q-values from a q-matrix, in the current 
state. The following is the Q-learning update formula: 

 
Q(s, a)=Q(s, a)+ α (r+ γ Qmax(s', a)-Q(s, a) 

 

α is the learning rate, r is the reward/punishment 
received from the environment and γ is the discount 
factor, which controls how the agent regards future 
rewards. RL will aid us in developing a smarter 
simulation for pedestrians interacting with the traffic 
environment while facilitating safe and free flowing 
pedestrian routes across a city. 
 
2. Current Experiment 
  Grid-World (GW) simulations represent states as (x, y) 
coordinates. An agent starts at a random state and will 
seek the find the end-goal that is also a randomised state 
in the GW environment. The agent receives a -1 reward 
for every state moved to, which is not the end-goal-
state. In the GW there are 5 positive flags states (PFS) 
and 1 negative flag state (NFS). Through the Potential 
Difference Reward shaping function (PDRS), if the 
agent finds the PFS it will receive a positive potential 
reward and receive a negative potential reward for 
finding NFS state. PDRS provides the agent with 
domain specific knowledge to improve the learning rate 
[2]. An extra reward is added to the q-values without 
disrupting the environment reward. Potential function 
(φ) is defined over a current-state (s) and next-state (s'); 
 

PBRS=r+ γ φ (s')- φ (s) 
 
r is the original reward γ is the same discount factor as 
used in the Q-learning update formula. The end-goal-
state reward is dynamic, the more flags collected the 
greater the reward will be  
(endGoalReward=numberFlagsCollected *100). This 
experiment is being conducted with Parallel Learning 
(PL), which enables multiple agents to pool their 
experiences while learning concurrently on a problem 
[3].  
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