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ABSTRACT

In this project will show about traffic signal control model by using reinforcement
learning including working and learning progress, pros and cons, and concept which is necessary
for traffic signal control using reinforcement learning to improve traffic system. In addition, other
technology also have brought to apply with reinforcement learning to improve the performance of
model. Simulation of Urban Mobility (SUMO) has been used as the traffic simulation

environment.
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2.1.1 Markov Decision Process

An MDP.is defined by: ’
= Set of states §

= Set of actions A4

(i —
= Transition function P(s’|s, a)
[ state] |reward action
» Reward function R(s, 4,59 ~ | f ay
[ 7.0 N7 ]
= Start state s, Vemyr: Environment. |
» Discount factor y | ' ~—J

« Horizon H
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Q-learning: An off-policy TD control algorithm

Initialize Q(s,a),Vs € 8,a € A(s), arbitrarily, and Q(terminal-state,-) =0
Repeat (for each episode):
Initialize S
Repeat (for each step of episode):
Choose A from S using policy derived from @ (e.g., e-greedy)
Take action A, observe R, S’
Q(S,A) + Q(S,A) + a[R+ ymax, Q(5,a) — Q(S, A)]
S+« S

until S is terminal
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2.1.2.3 Bellman Equation
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2.3 Python
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2.6.1 Traffic signal control for smart cities using Reinforcement learning [1]
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3.2.1 State
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®15191 3.2 State transition

Current State Action Next State
A0 {S2,S3,54,55,56,S7}
>0 A2 {S1,S2,83,55,56,S7}
A0 1S2,S3,54,55,56,S7}
. Al 150,S2,S3,54,56,S7}
A0 1S0,S1,54,S5,56,S7}
il A2 {S0,S1,83,54,S5,S7}
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§13797 3.2 State transition(ﬁi@)

Current State Action Next State
A0 1S0,S1,84,S5,56,S7}
> Al {S0,S1,S2,S4,S5,S6}
A0 {S0,S1,S2,S3,S6,S7}
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A0 1S0,S1,S2,S3,56,S7}
. Al 1S0,S2,S3,54,56,S7}
A0 1S0,S1,S2,S3,54,S5}
. A2 {S0,S1,S3,54,S5,S7}
A0 1S0,S1,S2,S3,54,S5}
7, Al 1S0,S1,S2,54,S5,S6 }
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1 = logs(f(t)) (32)
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1+eA2(FR-A3) (3.4)

Scaling FlowRate =

Saturate FlowRate

A3 = 3.5)
2
Scaling Waiting Time = .
caling aitting I'tme = L+ oA2(WT—-A3) (3.6)
Maximum Waiting Time
A3 = 3.7
2
Ia fJ“ﬁ FR = Flow Rate (veh/min)
WT = Average Waiting Time (sec)

J @ & < 1 A
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ilzﬁeuumumﬁmmumnaumaﬁé’m%ammm%%’a “Calculation of threshold and saturation
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points of sigmoidal baroreflex function curves” [2] Aane 11/

2.944

Saturate 5% = A3 + > (3.8)
2.944
A2 = —— (3.9)
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Saturate FlowRate = Density * Average Speed = (3.10)
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3.2.4 State Space
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3.3 SUMO (Simulation of Urban MObility)[4]
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1
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115153 3.1 A20619A169015 Run randomTrips.py

python randomTrips.py

-n 4-way.net.xml -r Period l.rou.xml -e 1000 -1 --
validate --fringe-factor 10 --period 1 --trip-
attributes="departLane=\"best\" departSpeed=\"random\"
departPos=\"random\" type=\"vehDist\"" --weights-prefix
4-way --additional-file vTypeDistributions.add.xml
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M99 3.4 ANNHUWUUVBIRNUINHUZ I UUAZUNUN(A D)

i ANUHHIUY Period Fuialug
N 0.6 6000

16 -Way nad 0.8 4500
oy 1.0 3600
N 0.6 6000

36-Way GRR 0.8 4500
oy 1.0 3600

) . ° ' { 9
N1389319 File Rou Tﬂﬂmimﬁuﬂmmwmuuummmuwmuxﬁmmﬂuizuu

{ Y . Yo @ 1 ¥
AIA519N 3.4 A8 “randomTrips.py” & 1FA1daae Il

Tsunsu 3.2 M09 Run randomTrips.py BHUA 4-way anuruuuthunag

python randomTrips.py -n ./4-way/4-way.net.xml
-r ./4-way/route/Period 2.rou.xml -e 10800 -1
--validate --period 1.0
-—-trip-attributes="departLane=\"random\"
departSpeed=\"random\" departPos=\"random\"
type=\"vehDist\"" --weights-prefix ./4-way/4-way
-—additional-file vTypeDistributions.add.xml

Tsunsu 3.3 1§73 Run randomTrips.py UHUA 16-way ANuvvwsiuihunaie

python randomTrips.py -n ./l6-way/l6-way.net.xml
-r ./l6-way/route/Period 2.rou.xml -e 10800 -1
--validate --period 0.8
-—-trip-attributes="departLane=\"random\"
departSpeed=\"random\" departPos=\"random\"
type=\"vehDist\"" --weights-prefix ./l6-way/l6-way
-—-additional-file vTypeDistributions.add.xml
--min-distance 2500

Tsun33 3.4 MEIMT Run randomTrips.py BHUA 36-way Andvuiuihunalg

python randomTrips.py -n ./36-way/36-way.net.xml
-r ./36-way/route/Period 2.rou.xml -e 10800 -1
--validate --period 0.8
-—trip-attributes="departLane=\"random\"
departSpeed=\"random\" departPos=\"random\"
type=\"vehDist\"" --weights-prefix ./36-way/36-way
-—additional-file vTypeDistributions.add.xml
--min-distance 7500
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Edit Traffic Light
Junction
Junction 1D | TFL_1
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Tilsunsu 3.5 Aredamsmrivadyanaines 1951y Traci

import traci
def set logic(phase):
tlPhase = []
tlPhase.append(traci.trafficlight.Phase (3,
phasel[1l], 3, 3))
t1Phase.append(traci.trafficlight.Phase (phase[2],
phase[0], phasel[2], phase[2]))
logic = traci.trafficlight.Logic("O0", 0, O,
t1lPhase)
traci.trafficlight.setProgramLogic(self.id,
logic)

def set TrafficLight():

g phase = "rrrrrrrrrGGG"
y phase = "rrrrrrrrryyy"
phase = [g phase, y phase, 60]

tls.set logic(phase)
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4 o v o J ' . 1
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aumst (3.11)

Green Time = 60 (3.13)
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3.4 Simulation API
3| 1 A A o 9 Y . A g @ A 1A
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TEVINTAIUANC NITIU Reinforcement Learning HASTIULHAI Visualization nuaa Tdsunsu
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T1lsunsu 3.6 HI0e1971358n1%914 Traci API

import traci

lane = ‘genE3’
vehicle ID = ‘Carl’
TrafficLightPhases = []

fgetWaitingtime
waiting time = traci.lane.getWaitingTime (lane)

tgetSpeed
speed = traci.vehicle.getSpeed(vehicle ID)
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3.4.2 Density
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3.4.3 Speed
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Avg Speed = (%‘rp%d) X 3.6 (3.15)

3.4.4 Flow Rate
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3.4.5 Arrival rate
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3.5 CSV And Plotter
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https://medium.com/mmp-li/%C3%A0%C2%B9%E2%80%A2%C3%A0%C2%B8%C2%A3%C3%A0%C2%B8%C2%B4%C3%A0%C2%B9%E2%80%B9%C3%A0%C2%B8%C2%A1%C3%A0%C2%B9%E2%80%A2%C3%A0%C2%B8%C2%A3%C3%A0%C2%B8%C2%B5%C3%A0%C2%B8%C2%A2%C3%A0%C2%B8%C5%BD-machine-learning-0-100-
https://medium.com/asquarelab/ep-1-reinforcement-learning-%C3%A0%C2%B9%E2%80%A2%C3%A0%C2%B8%C4%B1%C3%A0%C2%B8%C2%B7%C3%A0%C2%B9%E2%80%BA%C3%A0%C2%B8%20%C3%A0%C2%B8%E2%81%84%C3%A0%C2%B8%C5%81%C3%A0%C2%B9%E2%80%BA%C3%A0%C2%B8%C5%BD-%2509acfa9d42394c
https://medium.com/asquarelab/ep-1-reinforcement-learning-%C3%A0%C2%B9%E2%80%A2%C3%A0%C2%B8%C4%B1%C3%A0%C2%B8%C2%B7%C3%A0%C2%B9%E2%80%BA%C3%A0%C2%B8%20%C3%A0%C2%B8%E2%81%84%C3%A0%C2%B8%C5%81%C3%A0%C2%B9%E2%80%BA%C3%A0%C2%B8%C5%BD-%2509acfa9d42394c
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@Iu152nOVUD9 Reinforcement Learning Module

Tﬂsunsuﬁ .1 Function la’e)ﬂ Next State

def getNextState(self, glength, moveState, waitingTime) :
for 1 in range(len(waitingTime)) :
if waitingTime[i] > 300:
return i
length = gLength
maxLength = max (length)
nextState = length.index (maxLength)
while nextState in moveState:
length[nextState] = -1
maxLength = max (length)
nextState = length.index (maxLength)
print (nextState)
return nextState

Tsun33f 0.2 Function M3AMMIY Reward Y9311

def getSrlReward (self, data):
FR = data['flowRate']
WT = data['waitingTime']
flowrateExpo = self.find flowrate expo (FR)

walitingtimeExpo = self.find waitingtime expo (WT)
FlowRateScale = u(i+math.exp (flowrateExpo) )
WaitingTimeScale = yu+math.exp (waitingtimeExpo) )

reward = FlowRateScale/ (1+tWaitingTimeScale)
return reward

TU51n5uA n.3 Function M3A1HIN Reward NMAUsUIA8 Hyunjin Joo, Yujin Lim and Syed

Hassan Ahmed.

def getPrlReward (self, data):

expo = =-0003930312*(datal'arrivalRate'] - 750
alpha = 1/a+math.exp (expo))
func = (alpha * datal['gStd']) + ((1-alpha) *

(math.pow(self.TAU, datal['flowRate'])))
reward = math.log(func, self.DELTA)
return reward




Y5un337 0.4 Function 11 Action A28 eGreedy
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def eGreedy(self, currentState):
action = 0
stateData = self.stateSpace[currentState]
if (self.EXPLORE RATE > random.uniform(0O, 1)) or

(stateData["sumQ"] == 0.0):

fexplore

print ('explore' ,end=' | ")

action = self.randomAction (currentState)
else:

fexploit

print ('exploit' ,end=" | ")
for count in range (self.MAX ACTIONS) :

if (stateDatal["gValue"] [count] ==
stateData["maxQ"]) :
action = count

return action

if self.actionVerify(currentState, count):

TU51n3uT 1.5 Function ¥11 Action 738 pGreedy

def pGreedy(self, currentState) :
action = 0
stateData = self.stateSpacel[currentState]
if (self.EXPLORE RATE > random.uniform(0, 1)) or

(stateData["sumQ"] == 0.0):

#explore

print ('explore' ,end="' | ")

action = self.randomAction(currentState)

else:

#exploit

print ('exploit' ,end=" | ")

action = self.randomAction(currentState)

for count in range(self.MAX ACTIONS) :

prob = (stateDatal["gValue"] [action]) /
stateData["sumQ"]
if prob > random.uniform(0, 1):
return action

action += 1

if action == self.MAX ACTIONS:
action = 0

if count == self.MAX ACTIONS:

action = self.randomAction (currentState)
return action

if self.actionVerify(currentState, action):
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def takeAction(self, action, currentState):

phase = [[''],['"'],0]
if action ==
green state.append(currentState + (-2 *

(currentState % 2)) + 1)
else:

green state.append((currentState + 4) % 8)
g phase = "'
y phase = "'

for i in [7,6,5,4,3,2,1,0]:
if 1 in green state:

g phase += 'G"' * (1 + (1 % 2))
y phase += 'y' * (1 + (1 % 2))
else:
g phase += 'r' * (1 + (i % 2))
y phase += 'r' * (1 + (1 % 2))
phase [0} = g phase
phase[l] = y phase

return phase, green state

green state = [currentState] #which state can go?

Iﬂ‘il!ﬂiﬁlﬁ 1.7 Function Find Green Time

def getGreenTime (self, movelane, nextlLane) :
moveDens = []
nextDens = []

for i in range(len (moveDens)) :

moveDens . append (
traci.lane.getLastStepVehicleNumber
(moveLane[1])*0.4)

nextDens.append (
traci.lane.getLastStepVehicleNumber
(nextLane[i])*0.4)

if sum(moveDens)==0or sum(nextDens)==
self.greenTime.append (60)
return 60

greenTime = (sum(moveDens)/len (moveDens))
(sum (nextDens) /len (nextDens)) * 60

self.greenTime.append (greenTime)

return greenTime

/




Tsunsufi 0.8 Function Update State Space

63

def update(self, currentState, nextState, action,
reward = self.getSrlReward(data)
self.reward.append (reward)
self.setMaxQ ()
currentData = self.stateSpace[currentState]
nextData = self.stateSpace[nextState]

currentData["gValue"] [action] +=
round ( (self.LEARNING RATE * (reward +
(self.DISCOUNT RATE * nextData["maxQ"]))
currentData["gValue"] [action]), 5)

self.stateSpace[currentState] = currentData
self.setSumQ ()
self.count += 1

if self.count == self.numJunc:
self .EPOCH += 1
avgGreen = round (sum(self.greenTime) /
len(self.greenTime), 2)
avgRew = round (sum(self.reward) /
len (self.reward), 2)
self.reward = []

self.greenTime = []
self.count = 0
return [self.EPOCH - 1, avgGreen, avgRew]

return None

data) :
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g uUs2novUe9 Simulation API Module

Y1Jsunsuil v.1 Function SetLogic TrafficLight

def setlLogic(self, phase):
tlPhase = []
tlPhase.append(traci.trafficlight.Phase
(3, phasell], 3, 3))

tlPhase.append (traci.trafficlight.Phase

(phase[2], phasel[0], phasel[2], phasel[2]))
logic = traci.trafficlight.Logic("0", 0, 0, tlPhase)
traci.trafficlight.setProgramLogic (self.id, logic)
self.cycle = phase[2] + 3

TU5un5uA v.2 Function MF1 1013911 Average Speed

def get avg speed(self, edgeld):
avg spd = 0
for e id in edgeld:
if traci.edge.getLastStepVehicleNumber (e id)>0:
avg spd += traci.edge
.getLastStepMeanSpeed (e _id)
return round(((avg spd / 4) * 3.6), 2)

151n5uA ¥.3 Function N¥11n15%1 Density

def get density(self, edgelD):
density = 0
for e id in edgelD:
density +=
traci.edge.getLastStepVehicleNumber (e id) *
1000 / traci.lane.getlLength(e id + ' 0")
return round((density / 4), 2)




Y1Jsunsuil v.4 Function 1¥14n15%1 WaitingTime

def getWaitingTime (self, edgelD):
wTime = []
for eId in edgelD:
vehs = traci.edge.getlLastStepVehiclelIDs (elId)
if len(vehs) > O0:
for vId in vehs:
wait = traci.vehicle.
getAccumulatedWaitingTime (vId)
if wait > 0:
wTime.append (wait)
if len(wTime) > O:

return round ( (sum(wTime) / len(wTime)), 2)
return O

TJ5unsuA .5 Function N¥Fumsm Average Queue Length

def getAvglLength (self, edgeld):
lengthList = []
for edge in edgeld:
lengthlList.append(traci.lane
.getLastStepHaltingNumber (edge+' 1') * 6.0)

lengthlList.append(traci.lane
.getLastStepHaltingNumber (edge+' 0') * 6.0)
avg length = sum(lengthList) / len(lengthList)
std length = st.stdev(lengthList)
return avg length, round(std length, 2)

T1/5un3uN .6 Function NF UM SHIB 1 UeN UYL ey Last

def getlLastLength(self, juncID) :
edgelD = self.edge[juncID]
length = []
for edge in edgelD:
length.append(traci.lane
.getLastStepHaltingNumber (edge+' 1') * 6.0)
length.append(traci.lane
.getLastStepHaltingNumber (edge+' 0') * 6.0)
return length




T1/5un3uN 2.7 Function 114n15¥1 Arrival Rate 910 Detector
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def addCarIn(self):
juncIndex = 0
for junc in self.edge.keys():
for state in range (8):
num = traci.inductionloop
.getLastStepVehicleNumber
('al ' + junc + ' ' + str(state))
curlId = traci.inductionloop
.getLastStepVehiclelIDs
('al ' + junc + ' ' + str(state))
if num > 0 and curId[0] !=
self.arrId[juncIndex] [state]:
self.arrId[juncIndex] [state] = curId[O0]
self.carIn[juncIndex] += 1
juncIndex += 1

J1)sunsuA 9.8 Function 1147135%1 Flow Rate 210 Detector

def addCarIn(self):
JuncIndex = 0
for junc in self.edge.keys():
for state in range (8):
num = traci.inductionloop
.getLastStepVehicleNumber
(el ' 4 junc + ' ' + str(state))
curId = traci.inductionloop
.getlLastStepVehiclelIDs
('el ' + junc + ' ' + str(state))
if num > 0 and curId[0] !=
self.arrId[juncIndex] [state]:
self.arrId[juncIndex] [state] = curId[0]
self.carIn[juncIndex] += 1
juncIndex += 1
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a1152noUVY99 Runner Module

T1/5un3uM A.1 Function N1%114n15 Simulation #UY Fixed Time

def runNormal (api, tlsList, csvManage, csvRew) :

epoch = 0

count = 0

greenTime = 45

phase = [0]*len(tlsList)

tlsID = tlslList

g phase = ["rrrrrrrrrGGG", "rrrGGGrrrrrr",
"rrrrrrGGGrrr", "GGGrrrrrrrrr"]

y phase = ["rrrrrrrrryyy", "rrryyyrrrrrr",

"rrrrrryyyrrr", "yyyrrrrrrrrr"]
traci.simulationStep ()
1 phase = [g phase[phase[0]], y phase[phase[0]]
, greenTime]
for tls in tl1sID:
tls.cycle = greenTime + 3
tls.setLogic(l phase)
while (traci.simulation.getMinExpectedNumber ()

- traci.vehicle.getIDCount () != 0):
try:

result = api.simulate()
except:

print ('Closed")
return O
if result != None:
csvManage.saveAvgResult (result[1])
for tls in tlsID:
tls.saveResult (result[0] [tls.id])
for tls in tlsID:
index = tlsID.index(tls)
if tls.isCycleEnd() :

phase[index] = (phase[index] + 1) % 4
count += 1
1 phase = [g phase[phase[index]]

, Y phase[phase[index]]
, greenTime]
tls.setLogic (1l phase)

if count == len (phase):
count = 0
epoch += 1

csvRew.saveAvgResult ([epoch,
greenTime])
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T1/sun3u A.2 Function 114114015 Simulation 1Y TSCRL

def runPRL (api, agent, tlsList, csvManage, csvRew) :
traci.simulationStep ()
for tls in tlsList:
tls.action = agent.getAction('e greedy',
tls.currentState)
phase, tls.moveState = agent.takeAction(tls
.action, tls.currentState)
tls.setLogic (phase)
while (traci.simulation.getMinExpectedNumber () -

traci.vehicle.getIDCount () != 0):
try:

result = api.simulate()
except:

print ('Closed’")
return 0
if result != None:
print (result)
csvManage.saveAvgResult (result[1])
for tls in tlsList:
tls.saveResult (result[0] [tls.1id])
for tls in tlsList:
if tls.isCycleEnd() :
lastQueue = api.getlLastLength(tls.id)
if sum(lastQueue) == 0:
nextState = agent.getRandomState (
tls.moveState)
else:
nextState = agent.getNextState (
lastQueue, tls.moveState)
data = tls.getAvgResult ()
reward = agent.update (tls.currentState,
nextState, tls.action, data)
if reward != None:
csvRew.saveAvgResult (reward)
tls.currentState = nextState
tls.action = agent.getAction('e greedy'
, tls.currentState)
printResult (tls.id, data, nextState
, tls.action)
phase, tls.moveState = agent.takeAction (
tls.action, tls.currentState)
tls.setLogic (phase)




69

15151 A.3 Function NM¥14n15 Simulation VY Proposed

def runSRL (api, agent, tlsList, csvManage, csvRew) :
traci.simulationStep ()
for tls in tlsList:
tls.action = agent.getAction('e greedy',
tls.currentState)

phase, tls.moveState = agent.takeAction (
tls.action, tls.currentState)
phase[2] = agent.getGreenTime (tls.getMovelane (),

tls.getNextLane ())
tls.setLogic (phase)
while (traci.simulation.getMinExpectedNumber () -

traci.vehicle.getIDCount () != 0):
try:
result = api.simulate ()
except:

print ('Closed')
return 0
if result != None:
for tls in tlsList:
tls.saveResult (result[0] [tls.1d])
for tls in tlsList:
if tls.isCycleEnd() :
lastQueue = api.getlLastLength(tls.id)
waitingTime = api.getlastWaiting(tls.id)
print (lastQueue, waitingTime)
if sum(lastQueue) == 0:
nextState = agent.getRandomState (
tls.moveState)
else:
nextState = agent.getNextState (
lastQueue, tls.moveState
, waitingTime)
data = tls.getAvgResult()
reward = agent.update(tls.currentState,
nextState, tls.action, data)
if reward != None:
csvRew.saveAvgResult (reward)
tls.currentState = nextState
tls.action = agent.getAction('e greedy'
, tls.currentState)
printResult (tls.id, data, nextState
, tls.action)
phase, tls.moveState = agent.takeAction
tls.action, tls.currentState)
phase[2] = agent.getGreenTime (
tls.getMovelLane (), tls.getNextLane())
tls.setLogic (phase)






