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Newellian coordinates

[ Establishment of Newellian coordinates

Unit flow n
!

1 2 t t 5 6 7

IASSLLLISS SIS,

Time t

Jam space
headway h

Free-flow
speed vy

v Departure
shockwave

Vehicles only travel on the grid of the Newellian coordinates

M MICHIGAN ENGINEERING

Assumption: All vehicle trajectories follow a
uniform deterministic Newell’s car-following
model. Vehicles only have stop state & free
flow state

Discrete approximation: traffic flow comes in

binary (0 or Au) for each time

Au - hy

Au = q™zAt h = e q™hoAt
Notation Meaning

Au Unit traffic flow

q™ Saturation flow rate

VA Number of lanes

At Time interval

h Jam space headway (per Au)

hy Jam space headway (per vehicle)
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Point-Queue Under Newellian Coordinates
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Point-Queue Under Newellian Coordinates
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Point-Queue Under Newellian Coordinates
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Stochastic point-queue model

1 Point-queue model

X(t)=X({t—1)+ A(t) — B(t)

(J Stochastic point-queue model

Xt)=X({t—-1)+A(t) —B(t) =X'(t) — B(t)

1) Stochastic arrival (Bernoulli distribution each time)
A(t) ~ Bernoulli(a(t)) P(A(t) =1) = a(t)

(A Poisson process when At — 0)

2) Deterministic departure controlled by traffic signal

P(B(t) = 1) = b(t) = P(X(t) = 1 &S(t) = 1)
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Probabilistic Time-Space (PTS) Diagram

i Queue length distribution x(t, k
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Probabilistic Time-Space (PTS) Diagram

Signal Queue length distribution x(t, k) Unit flow ,
Time Arrival state Departure 0 1 2 3 4 5 Time
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x'(tk+1)=x(t—1,k)-alt)+x(t—1k+1) - (1—a(t))
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Probabilistic Time-Space (PTS) Diagram

Signal Queue length distribution x(t, k) Unit flow ,
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Departure step
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x(t,0) =x"(t,1)-S(t) + x'(t,0)
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Probabilistic Time-Space (PTS) Diagram
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Probabilistic Time-Space (PTS) Diagram
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Probabilistic Time-Space (PTS) Diagram

Signal Queue length distribution x(t, k)
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Probabilistic Time-Space (PTS) Diagram
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Probabilistic Time-Space (PTS) Diagram

i Queue length distribution x(¢t, k
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Probabilistic Time-Space (PTS) Diagram
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Probabilistic Time-Space (PTS) Diagram
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Distance to intersection (m)

lllustration of the PTS diagram

Aggregated Time-space diagram
(from multiple cycles)

Probabilistic time-space (PTS) diagram
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Distance to intersection (m)

Distance to intersection (m)

lllustration of the PTS diagram
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Outline

(J Parameter calibration and traffic signal retiming in the field
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PTS Diagram & Observed Vehicle Trajectories

Unit flow Unit flow
5 0

5 Time . ;
Time Time

\\
! \
_________ \\
2 N\
/// \ \\
/ | %,,,,,777\71\ 3 N 3
0.3 \ P=ax¢x02=0.016
/ N 40 P=(0Q—-a)+ax(1—¢)=092 4 An observed new arrival &
/ 0.4 N\ : ) :
3 | , \ No arrival or an unobserved arrival previous queue length X(2) =0
/ Observationat 5 5 /
/ time 3 Case 1: No observed trajectory Case 2: Observed trajectory directly
! passed the intersection
Arrivals Unit flow Unit flow
/ 0 ) 0

Time

By taking t = 3 as an example:
e Arrival probability a = 0.4
* Queue length distribution at t = 2:

X(2) 0 1 2 3 3
Probability | 0.2 0.5 0.3 0 4 P=axq¢x0.5=0.04 4 P=ax¢x03=0.024
An observed new arrival & An observed new arrival &
* Penetration rate ¢ = 20% previous queue length X(2) = 1 previous queue length X(2) = 2
5 T 5 T
Case 3: Observed trajectory stopped Case 4: Observed trajectory stopped
at location 2 at location 3
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PTS Diagram & Observed Vehicle Trajectories

1 What is the probability P here?
PO®)|6,X(t— 1))

O(t) Observation
0 = (a,¢)

X(t) Real-time traffic state

Traffic parameters

likelihood given traffic state and parameters

L Maximum likelihood estimation

—~

® = arg max P(O(1:T)|0)

(find the parameter to maximize the
probability that you have the given
observed trajectories)

Unit flow
0

No arrival or an unobserved arrival

4/ P=(1—-a)+ax(l—¢)=092
5

Case 1: No observed trajectory

Unit flow
0

P=ax¢x0.5=0.04
An observed new arrival &

previous queue length X(2) = 1

Case 3: Observed trajectory stopped
at location 2

5 T

Unit flow
0

Time

P=ax¢ x0.2=0.016
4 An observed new arrival &
previous queue length X(2) =0

5 /
Case 2: Observed trajectory directly
passed the intersection

Unit flow
0

P=ax¢x0.3=0.024
An observed new arrival &

previous queue length X(2) = 2

Case 4: Observed trajectory stopped
at location 3
38



Traffic State Reconstruction for a Corridor
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Traffic state prediction with calibrated model

Adams Rd.

Derby Rd/
Mohegan St

Buckingham
Rd

E Maple
Rd

Bowers St

E Lincoln St

o

o The calibrated traffic flow model can be used to predict what will happen if the signal timing plan is changed
o In this way, we can design optimization program (e.g., Bayesian optimization) to get the optimal traffic signal parameters
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Probabilistic time-space model

Detector dataor | p o | Vehicle trajectory
! 3, 0
e manual count (e 3 data
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Probabilistic time-space model

Detector dataor | p o | Vehicle trajectory
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Reading
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