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Motivation
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Urban  traf7ic  predicted  to  increase
•  Limited    possibility  to  build  more  roads
•  Non-‐invasive  methods  needed
•  Leverage  communication  capabilities
•  Future-‐proof  in  combination  with  autonomous  drive
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Outline

•  Scheduling  and  routing:  problem  solved?
•  From  communication  networks  to  transportation  networks
•  Traf7ic  7low  optimization
•  Dealing  with  uncertainty  
•  Future  work
•  Conclusions
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Single  hop  communication:  max-‐weight  scheduling

•  Ad-‐hoc  network,  link  l  has  queue  Ql(t)  and  arrival  Al(t)  with  rate  λl
•  S  =  set  of  feasible  schedules  (e.g.,  S={1,2,3,4,(3,4)})  with  

associated  link  rates  rl  (s)

•  Max-‐weight  scheduling  decision:
•  Stabilizes  the  network  for  any  λ  in  capacity  region
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Max-‐weight  scheduling:  performance  in  noisy  conditions
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38 3. DYNAMIC SCHEDULING EXAMPLE
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Figure 3.2: Average sum queue backlog (in units of packets) under the max-weight algorithm, as loading
is pushed from point X (i.e., ! = 0) to point Z (i.e., ! = 1). Each simulated data point is an average over
106 slots.

assume the following simple power function:

p̂("(t)) =
!

1 if "(t) ! {“Transmit over channel 1,” “Transmit over channel 2”}
0 if "(t) = “Idle”

That is, we spend 1 unit of power if we transmit over either channel, and no power is spent if we
remain idle. Our goal is now to make transmission decisions to jointly stabilize the system while
also striving to minimize average power expenditure.

For a given rate vector (#1, #2) in the capacity region $, define %(#1, #2) as the minimum
average power that can be achieved by any S-only algorithm that makes all queues rate stable. The
value %(#1, #2) can be computed by solving the following linear program (compare with (3.3)-(3.7)):

Minimize: % !=
"

(S1,S2)!S Pr[S1, S2](q1(S1, S2) + q2(S1, S2))

Subject to: #1 " "
(S1,S2)!S Pr[S1, S2]S1q1(S1, S2)

#2 " "
(S1,S2)!S Pr[S1, S2]S2q2(S1, S2)

q1(S1, S2) + q2(S1, S2) " 1 #(S1, S2) ! S
q1(S1, S2) $ 0 , q2(S1, S2) $ 0 #(S1, S2) ! S

Thus, for each ! ! $, there is an S-only algorithm "%(t) such that:

E
#
b̂1("

%(t),S(t))
$

$ #1 , E
#
b̂2("

%(t),S(t))
$

$ #2 , E
%
p̂("%(t))

&
= %(#1, #2)

It can be shown that %(#1, #2) is the minimum time average expected power expenditure that can
be achieved by any control policy that stabilizes the system (including policies that are not S-only)
(21). Further, %(#1, #2) is continuous, convex, and entrywise non-decreasing.
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Multi-‐hop  communication:  backpressure  routing

•  Packets  arrive  at  source  nodes  with  rate  λi
•  Flows  with  same  destination:  commodity  c  (destination  d(c))
•  Each  node  keeps  queue  per  commodity                 with  
•  Control  actions                     with  resulting  rates  
•  Queue  dynamics:

•  Links  that  are  allowed  to  transmit  commodity  c  can  be  predetermined  
(e.g.,  to  limit  delay)

•  Backpressure:  control  policy  that  stabilizes  the  network  within  the  
capacity  region
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Multi-‐hop  communication:  backpressure  routing

•  Determine  optimal  control  action:  
1.  7ind  optimal  commodity  for  each  link  (ij):
2.  7ind  optimal  weight  for  each  link  (ij):
3.  7ind  optimal  control  action:

•  Routing:  for  each  link  (ij)  send                   of  commodity    
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c⇤ij(t) = argmaxc(Q
(c)
i (t)�Q(c)
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W ⇤
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Backpressure  routing:  example

•  Control:
•  Rates:  1  for  each  link,  except  5  for  (1à2)  and  (2à1)
•  Optimal  commodity:

•  Optimal  weights:

•  Optimal  control:  clockwise
–  Clockwise:  5×3+3+1=19
–  Counter  clockwise:  5×2+1+4=15
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Backpressure  routing:  example

•  Control:
•  Rates:  1  for  each  link,  except  (12)  and  (21)  is  5
•  Optimal  commodity:

•  Optimal  weights:

•  Optimal  control:  clockwise
–  Clockwise:  5×3+3+1=19
–  Counter  clockwise:  5×2+1+4=15

•  If  node  2  is  destination  for  commodity  1:  
              green  queue  will  be  empty  again
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Outline
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From  communication  to  transport  networks

•  Communication:  packets,  buffers,  links,  rates,  schedules,  routes
•  Transport:  vehicles,  roads,  junction  lanes,  7low,  junctions  phases,  routes
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Detailed  comparison
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Wireless Transport

Control  actions hard  global  problem easy  local  problems  J  
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reordered  L  

Separate  buffer  for  each  
commodity

yes no:  all  commodities  are  
mixed  L  

Transmission  rates Based  on  information  
theory  /  communication  
theory

Based  on  phase  duration  +  
LWR  with  fundamental  
diagram

Queue  state known  exactly estimated  through  sensors  
(cameras,  loop  detectors)

Buffers  are  in7inite approximately  yes de7initely  no  L  
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Control  actions  do  not  need  to  be  coordinated
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Fig. 1. A four-way junction with 8 roads and 12 possible traffic movements.

a multi-commodity (one commodity per destination) version
of the back-pressure scheme [23], [24] under both fixed and
adaptive route selection. Our results demonstrate that the
proposed schemes can provide significant performance gains.
The remainder of this paper is organized as follows. In

Section II, we mathematically formulate the problem of traffic
signal control and adaptive routing of vehicles. The algo-
rithms based on back-pressure multi-commodity schemes are
proposed in Section II. Performance of these algorithms is
analyzed with a detailed discussion in Section IV. Finally,
the key findings are summarized in Section V along with
directions for future work on this topic.

II. PROBLEM FORMULATION
A. Road Network
Consider an urban road network comprised of N links/roads

and L junctions (signalized intersections). We model the
network as a directed graph G = (R,J ), where
R = {R1, R2, . . . , RN} is the set of links and J =
{J1, J2, . . . , JL} is the set of junctions in the road network.
A vehicle enters the network from a certain link (origin),
travels along one or more links in the network and finally
leaves the network at a certain link (destination). Thus, for
each vehicle in the network, there is an associated origin
and destination pair. All vehicles that have a common origin
and destination pair constitute a flow f . Let F be the set of
all flows in the network and let (o(f), d(f)) be the origin
destination pair for a flow f ! F , where o(f), d(f) ! R.
Let !f (t) be the rate at which vehicles associated with flow
f exogenously enter o(f) at discrete time slots t ! N,
with limT!"

1
T

!T
t=1 E[!f (t)] = !f . We assume that the

flow arrival processes are independent of each other and
also independent across time slots and have finite second
moments. At any time t, let Qab(t) be the number of vehicles
queued in a link Ra to move to an adjacent link Rb and let
Qa(t) =

!
b Qab(t) be the the total queue length at link Ra.

B. Traffic Signal Control
Each junction has certain traffic movements associated with

it. A traffic movement through a junction corresponding to
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Fig. 2. Typical phases through a four-way junction.
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Fig. 3. Typical phases through a three-way junction.

the vehicles exiting Ra and entering Rb is denoted by the pair
(Ra, Rb). Let Mi be the set of all traffic movements through
a junction Ji. Consider an example of a four-way junction in
Fig. 1, where there are twelve possible traffic movements. The
set of all possible traffic movements for this four-way junction
is given by

M = {(R3, R8), (R3, R1), (R7, R4), (R7, R6),

(R3, R6), (R7, R1), (R5, R4), (R5, R1),

(R2, R6), (R2, R8), (R2, R4), (R5, R8)}. (1)

A subset of traffic movements that can occur simultane-
ously through a junction constitute a phase. Let Pi =
{pi1, p

i
2, . . . , p

i
l} be the set of all possible phases through a

junction Ji. As examples, consider a four-way junction with
four possible phases in Fig. 2 and a three-way junction with
three possible phases in Fig. 3. Typical phases of the four-way
junction are given by

p1 = {(R3, R8), (R3, R1), (R7, R4), (R7, R6)},

p2 = {(R3, R6), (R7, R1)},

p3 = {(R5, R4), (R5, R1), (R2, R6), (R2, R8)},

p4 = {(R2, R4), (R5, R8)}, (2)
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Wireless Transport
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Detailed  comparison
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Real  queues  and  logical  queues  must  be  decoupled

•  Can  be  ignored  by  backpressure  (so  no  routing)
•  Or  can  be  modeled  through  shadow  queues*  (so  adaptive  routing)
•  Routing  requires  explicit  information  from  vehicles
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*E.  Athanasopoulou,  L.  X.  Bui,  T.  Ji,  R.  Srikant,  and  A.  Stolyar,  “Back-‐pressure-‐based  packet-‐by-‐
packet  adaptive  routing  in  communication  networks,”  IEEE/ACM  Transactions  on  Networking,  
vol.  21,  no.  1,  pp.  244–257,  Feb.  2013.  
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Computing  the  pressure  and  control

•  Rate:  vehicles  that  can  leave  a  lane  during  green  light
•  Queue  size:  number  of  cars  on  lane  (free  7low  +  congested)
•  Does  not  consider  TWR  or  fundamental  diagram
•  Turns  out  to  not  be  critical  for  performance
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Fig. 1: The fundamental diagram.

II. PROBLEM FORMULATION

1) Network Model: Consider an urban road network com-
posed of N roads and L intersections. The network can be
modeled as a directed graph G = (R,J ), where R =
{R1, R2, ..., RN} is the set of links corresponding to the roads
and J = {J1, J2, ..., JL} is the set of nodes corresponding to
the intersections. A set of properties Pi = {Li, V

max
i } are

associated to road (link) Ri, where Li is the length and V max
i

is the speed limit associated to this road.
2) Traffic Flow Dynamic: We adopt the Lighthill-Whitham-

Richards (LWR) cell transmission model introduced in [5] in
order to model traffic dynamics in the network. According to
this model, motivated by experimental measurements, vehicles
tend to travel at an equilibrium speed vi = vi("i), where "
represents the density of vehicles in the roads at a given time.
Traffic flow is defined as follows

#(") ! "v("). (1)

The equilibrium flow function # = #("), which is called
fundamental diagram, can be approximated by the diagram
shown in Fig. 1. In this figure, the maximum possible traffic
flow is denoted as !max which is referred to as the capacity

of the road. The maximum density that the road can support
is "max.

According to this diagram, the status of the traffic can be
classified to either free or congested. Specifically, if 0 ! " <
"crit, where "crit is the critical density, then the road is free
and traffic flow is an increasing function of traffic density.
Otherwise, if "crit ! " ! "max, then the road is congested and
traffic flow is a decreasing function of traffic density.

Let us represent the average speed and the density of
vehicles at location x and time t by function v(x, t) and
"(x, t), respectively. The vehicle conservation law imposes a
traffic flow dynamics expressed as follow

$"

$t
+

$("v)

$x
= 0. (2)

According to the LWR model, the drivers adapt the speed of
vehicles according to the density of vehicles in the surrounding
area, i.e.

v(x, t) = V ("(x, t)). (3)

The speed is a decreasing function of traffic density (i.e. !V
!"

<
0) which is defined on the interval [0, "max]. We have

Qf
i , "

f
i

Free cell

Qc
i , "

c
i

Congested cell

Li

li

!in !out

Fig. 2: Two-cell transmission model.

V (0) = Vmax, where Vmax is the maximal average speed when
the road is almost empty, and V ("max) = 0 that implies
velocity is zero when the density is maximal and the road
is fully congested. The speed-density relation depends on
the derivers’ behavior and can be approximately modeled as
follows

V (") = Vmax

!

1"
"

"max

"

. (4)

3) Two-cell Transmission Model: In a traffic network, each
road can be considered as a combination of a free cell and
a congested cell as shown in Fig. 2. The length of the free
cell and the congested cell are lfi = Li " li and lci = li,
respectively. The number of vehicles in the free cell and the
congested cell are

Qf
i = (Li " li)"

f
i

Qc
i = li"

c
i , (5)

where "ci and "fi are the density of the congested cell and
the free cell, respectively. Assuming that the input and output
flows are blow the maximum admissible ones, we have

Q̇f
i = !in " !n

Q̇c
i = !n " !out, (6)

where !n (n # {1, 2}) is defined as follows

!1 = min{vf"f ,!max}

!2 = min{!max, wc("crt " "c)} (7)

The case n = 1 (min{vf"f ,!max} < min{!max, wc("crt "
"c)}), is representing the absorption phase in which the
congested cell is able to absorb the arriving flow and re-
duces the congestion. The case n = 2 (min{vf"f ,!max} >
min{!max, wc("crt " "c)}) is corresponding to the expansion
phase in which congestion expands.

4) Traffic Model: Each vehicle enters the network from
a certain link (origin), travels along one or more links in
the network and finally leaves the network at a certain link
(destination). All vehicles that enter common origin and leave
at the same destination makes a flow f . We use F to denote
the set of all flows in the network. For a given flow f , s(f)
and d(f) show the source and the destination of the flow. We
assume that the time between entering vehicles to the network
follows exponential distribution.
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[cars  /  hour]

congested  regime

free  7low  
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R4

R5 R6

R7
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Fig. 1. A four-way junction with 8 roads and 12 possible traffic movements.

a multi-commodity (one commodity per destination) version
of the back-pressure scheme [23], [24] under both fixed and
adaptive route selection. Our results demonstrate that the
proposed schemes can provide significant performance gains.
The remainder of this paper is organized as follows. In

Section II, we mathematically formulate the problem of traffic
signal control and adaptive routing of vehicles. The algo-
rithms based on back-pressure multi-commodity schemes are
proposed in Section II. Performance of these algorithms is
analyzed with a detailed discussion in Section IV. Finally,
the key findings are summarized in Section V along with
directions for future work on this topic.

II. PROBLEM FORMULATION
A. Road Network
Consider an urban road network comprised of N links/roads

and L junctions (signalized intersections). We model the
network as a directed graph G = (R,J ), where
R = {R1, R2, . . . , RN} is the set of links and J =
{J1, J2, . . . , JL} is the set of junctions in the road network.
A vehicle enters the network from a certain link (origin),
travels along one or more links in the network and finally
leaves the network at a certain link (destination). Thus, for
each vehicle in the network, there is an associated origin
and destination pair. All vehicles that have a common origin
and destination pair constitute a flow f . Let F be the set of
all flows in the network and let (o(f), d(f)) be the origin
destination pair for a flow f ! F , where o(f), d(f) ! R.
Let !f (t) be the rate at which vehicles associated with flow
f exogenously enter o(f) at discrete time slots t ! N,
with limT!"

1
T

!T
t=1 E[!f (t)] = !f . We assume that the

flow arrival processes are independent of each other and
also independent across time slots and have finite second
moments. At any time t, let Qab(t) be the number of vehicles
queued in a link Ra to move to an adjacent link Rb and let
Qa(t) =

!
b Qab(t) be the the total queue length at link Ra.

B. Traffic Signal Control
Each junction has certain traffic movements associated with

it. A traffic movement through a junction corresponding to
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Fig. 2. Typical phases through a four-way junction.
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Fig. 3. Typical phases through a three-way junction.

the vehicles exiting Ra and entering Rb is denoted by the pair
(Ra, Rb). Let Mi be the set of all traffic movements through
a junction Ji. Consider an example of a four-way junction in
Fig. 1, where there are twelve possible traffic movements. The
set of all possible traffic movements for this four-way junction
is given by

M = {(R3, R8), (R3, R1), (R7, R4), (R7, R6),

(R3, R6), (R7, R1), (R5, R4), (R5, R1),

(R2, R6), (R2, R8), (R2, R4), (R5, R8)}. (1)

A subset of traffic movements that can occur simultane-
ously through a junction constitute a phase. Let Pi =
{pi1, p

i
2, . . . , p

i
l} be the set of all possible phases through a

junction Ji. As examples, consider a four-way junction with
four possible phases in Fig. 2 and a three-way junction with
three possible phases in Fig. 3. Typical phases of the four-way
junction are given by

p1 = {(R3, R8), (R3, R1), (R7, R4), (R7, R6)},

p2 = {(R3, R6), (R7, R1)},

p3 = {(R5, R4), (R5, R1), (R2, R6), (R2, R8)},

p4 = {(R2, R4), (R5, R8)}, (2)
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200 mScale:

24 intersections, 84 links, 16 origins and 16 destinations.
Maxim vehicle speed = 70 km/hour.
A signal phase is activated after every 15 seconds.
For fixed schedule controller:

Intersection Type p1 p2 p3 p4

Four-way 18 sec. 12 sec. 18 sec. 12 sec.
Three-way 24 sec. 12 sec. 24 sec. 0 sec.

Balázs Kulcsár (Chalmers) Nationell transportkonferens 19 / 27

Scenario:  Stockholm  network

•  Parameters:  24  intersections,  84  links,  16  7lows  (origin  destination  pairs),  
max  speed  70  kph,  signal  phase  lasts  15  sec.  Simulation  using  PTV  VISSIM.  

•  Methods:  7ixed,  single-‐commodity  BP  with  7ixed  routing,  multi-‐commodity  BP  
with  7ixed  routing,  multi-‐commodity  BP  active  routing
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Fig. 5. Evolution of total queue length in the network over time under different
control methods with vehicle input rate equal to 350 vehicles/hour.
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Fig. 6. Average queue lengths over a 2 hours long simulation time period as
a function of the vehicle input arrival rate under different control methods.

length refers to the total number of vehicles that are queued
in the network. An arrival rate of 350 vehicles/hour per origin
means that approximately 5600 vehicles enter the network per
hour since there are 16 origins. As we observe in Fig. 5,
AR-BP yields smallest queue length followed by MC-BP, SC-
BP, and FT respectively. Queue length under FT is increasing
approximately linearly over time, whereas for the BP based
methods the queue lengths remain bounded. It was already
shown in [16] that SC-BP outperforms SCATS (where a signal
plan is optimized over a set of fixed signal schedules) in terms
of queue lengths. An additional observation is that the multi-
commodity back-pressure schemes (MC-BP, AR-BP) have the
potential to provide considerable improvement over single-
commodity scheme.
In order to investigate further, we plot the average queue

lengths and average travel times of vehicles from their origins
to their respective destinations as functions of vehicle arrival
rates in Fig. 6 and Fig. 7 respectively. Here the averages are
taken over simulation time in the case of queue length and
over both simulation time and number of vehicles in the case
of travel time. According to Figs. 6–7, MC-BP is significantly
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Fig. 7. Average travel times computed over a 2 hours simulation period as a
function of the vehicle input arrival rate under different control methods.

superior to SC-BP in terms of both average queue length and
average travel time at all vehicle arrival rates. The behavior
of AR-BP is not straightforward – it provides relatively much
smaller queue lengths but the travel times are very high at
low traffic volumes. Normally, one expects that a larger queue
length should lead to a higher travel time. In order to study
what makes the average travel times so high under AR-BP, we
must consider the average speed of vehicles under all schemes.
Fig. 8 shows that average vehicle speeds are always highest
under AR-BP. This implies that the vehicles travel longer
distances on average to reach their destinations under AR-BP,
especially when the vehicle arrival rates are low. Under MC-
BP, a path for every vehicle from its origin to its destination
is pre-defined, whereas in AR-BP a next hop route is chosen
at every intersection. When the network is under-saturated,
the pressure terms (queue backlog differences) are very low
and a vehicle may traverse several links before arriving its
destination, thus taking a route that is unnecessarily long.
However, it is this adaptive routing that forces the vehicles
to distribute in the network more uniformly and thus reduces
congestion queue lengths when the network is heavily loaded.
In a saturated network, although vehicles may follow a longer
route on average under AR-BP, the travel time is significantly
lower on average compared to the fixed routing methods as
shown in Fig. 7. This reduction in average travel time happens
due to a smaller queue lengths in the network as observed in
Fig. 6.
In Section III-C3 we presented a modified version of AR-

BP scheme that can force vehicles to avoid unnecessarily long
routes in a load situation. This modified AR-BP method can
be optimized for a given network. In Fig. 9 and Fig. 10, we
plot average travel time and average queue lengths under the
modified AR-BP scheme with different values of !. (Note that
! = 0 gives the original AR-BP scheme.) A higher value of
! forces the vehicles to follow shorter path, which is good
for low-load situations but may not be good in a high load
situation. According to Fig. 9 and Fig. 10, there exits a value
of ! (equal to 1.5) for the given network that provides good
performance in both low load and high load scenarios in terms
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Adaptive  routing  can  lead  to  excessive  delays
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Fig. 5. Evolution of total queue length in the network over time under different
control methods with vehicle input rate equal to 350 vehicles/hour.
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Fig. 6. Average queue lengths over a 2 hours long simulation time period as
a function of the vehicle input arrival rate under different control methods.

length refers to the total number of vehicles that are queued
in the network. An arrival rate of 350 vehicles/hour per origin
means that approximately 5600 vehicles enter the network per
hour since there are 16 origins. As we observe in Fig. 5,
AR-BP yields smallest queue length followed by MC-BP, SC-
BP, and FT respectively. Queue length under FT is increasing
approximately linearly over time, whereas for the BP based
methods the queue lengths remain bounded. It was already
shown in [16] that SC-BP outperforms SCATS (where a signal
plan is optimized over a set of fixed signal schedules) in terms
of queue lengths. An additional observation is that the multi-
commodity back-pressure schemes (MC-BP, AR-BP) have the
potential to provide considerable improvement over single-
commodity scheme.
In order to investigate further, we plot the average queue

lengths and average travel times of vehicles from their origins
to their respective destinations as functions of vehicle arrival
rates in Fig. 6 and Fig. 7 respectively. Here the averages are
taken over simulation time in the case of queue length and
over both simulation time and number of vehicles in the case
of travel time. According to Figs. 6–7, MC-BP is significantly
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Fig. 7. Average travel times computed over a 2 hours simulation period as a
function of the vehicle input arrival rate under different control methods.

superior to SC-BP in terms of both average queue length and
average travel time at all vehicle arrival rates. The behavior
of AR-BP is not straightforward – it provides relatively much
smaller queue lengths but the travel times are very high at
low traffic volumes. Normally, one expects that a larger queue
length should lead to a higher travel time. In order to study
what makes the average travel times so high under AR-BP, we
must consider the average speed of vehicles under all schemes.
Fig. 8 shows that average vehicle speeds are always highest
under AR-BP. This implies that the vehicles travel longer
distances on average to reach their destinations under AR-BP,
especially when the vehicle arrival rates are low. Under MC-
BP, a path for every vehicle from its origin to its destination
is pre-defined, whereas in AR-BP a next hop route is chosen
at every intersection. When the network is under-saturated,
the pressure terms (queue backlog differences) are very low
and a vehicle may traverse several links before arriving its
destination, thus taking a route that is unnecessarily long.
However, it is this adaptive routing that forces the vehicles
to distribute in the network more uniformly and thus reduces
congestion queue lengths when the network is heavily loaded.
In a saturated network, although vehicles may follow a longer
route on average under AR-BP, the travel time is significantly
lower on average compared to the fixed routing methods as
shown in Fig. 7. This reduction in average travel time happens
due to a smaller queue lengths in the network as observed in
Fig. 6.
In Section III-C3 we presented a modified version of AR-

BP scheme that can force vehicles to avoid unnecessarily long
routes in a load situation. This modified AR-BP method can
be optimized for a given network. In Fig. 9 and Fig. 10, we
plot average travel time and average queue lengths under the
modified AR-BP scheme with different values of !. (Note that
! = 0 gives the original AR-BP scheme.) A higher value of
! forces the vehicles to follow shorter path, which is good
for low-load situations but may not be good in a high load
situation. According to Fig. 9 and Fig. 10, there exits a value
of ! (equal to 1.5) for the given network that provides good
performance in both low load and high load scenarios in terms
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Fig. 5. Evolution of total queue length in the network over time under different
control methods with vehicle input rate equal to 350 vehicles/hour.
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Fig. 6. Average queue lengths over a 2 hours long simulation time period as
a function of the vehicle input arrival rate under different control methods.

length refers to the total number of vehicles that are queued
in the network. An arrival rate of 350 vehicles/hour per origin
means that approximately 5600 vehicles enter the network per
hour since there are 16 origins. As we observe in Fig. 5,
AR-BP yields smallest queue length followed by MC-BP, SC-
BP, and FT respectively. Queue length under FT is increasing
approximately linearly over time, whereas for the BP based
methods the queue lengths remain bounded. It was already
shown in [16] that SC-BP outperforms SCATS (where a signal
plan is optimized over a set of fixed signal schedules) in terms
of queue lengths. An additional observation is that the multi-
commodity back-pressure schemes (MC-BP, AR-BP) have the
potential to provide considerable improvement over single-
commodity scheme.
In order to investigate further, we plot the average queue

lengths and average travel times of vehicles from their origins
to their respective destinations as functions of vehicle arrival
rates in Fig. 6 and Fig. 7 respectively. Here the averages are
taken over simulation time in the case of queue length and
over both simulation time and number of vehicles in the case
of travel time. According to Figs. 6–7, MC-BP is significantly
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Fig. 7. Average travel times computed over a 2 hours simulation period as a
function of the vehicle input arrival rate under different control methods.

superior to SC-BP in terms of both average queue length and
average travel time at all vehicle arrival rates. The behavior
of AR-BP is not straightforward – it provides relatively much
smaller queue lengths but the travel times are very high at
low traffic volumes. Normally, one expects that a larger queue
length should lead to a higher travel time. In order to study
what makes the average travel times so high under AR-BP, we
must consider the average speed of vehicles under all schemes.
Fig. 8 shows that average vehicle speeds are always highest
under AR-BP. This implies that the vehicles travel longer
distances on average to reach their destinations under AR-BP,
especially when the vehicle arrival rates are low. Under MC-
BP, a path for every vehicle from its origin to its destination
is pre-defined, whereas in AR-BP a next hop route is chosen
at every intersection. When the network is under-saturated,
the pressure terms (queue backlog differences) are very low
and a vehicle may traverse several links before arriving its
destination, thus taking a route that is unnecessarily long.
However, it is this adaptive routing that forces the vehicles
to distribute in the network more uniformly and thus reduces
congestion queue lengths when the network is heavily loaded.
In a saturated network, although vehicles may follow a longer
route on average under AR-BP, the travel time is significantly
lower on average compared to the fixed routing methods as
shown in Fig. 7. This reduction in average travel time happens
due to a smaller queue lengths in the network as observed in
Fig. 6.
In Section III-C3 we presented a modified version of AR-

BP scheme that can force vehicles to avoid unnecessarily long
routes in a load situation. This modified AR-BP method can
be optimized for a given network. In Fig. 9 and Fig. 10, we
plot average travel time and average queue lengths under the
modified AR-BP scheme with different values of !. (Note that
! = 0 gives the original AR-BP scheme.) A higher value of
! forces the vehicles to follow shorter path, which is good
for low-load situations but may not be good in a high load
situation. According to Fig. 9 and Fig. 10, there exits a value
of ! (equal to 1.5) for the given network that provides good
performance in both low load and high load scenarios in terms
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Fig. 8. Average vehicle speeds computed over a 2 hours simulation time
period as a function of the vehicle input arrival rate under different control
methods.
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Fig. 9. Average travel time computed over a 2 hours simulation time period as
a function of the vehicle input arrival rate under the modified AR-BP method.

of travel time as well as congestion.
Next we investigate the network throughput in terms of the

number of vehicles exiting the network (number of completed
trips) under different signal control methods. In Fig. 11, we
plot the total number vehicles that exit the given network in
two hours when the traffic is continuously arriving at a fixed
rate. Interestingly, FT provides higher throughput than SC-
BP at very high input traffic load, despite the fact that FT
always gives rise to a higher time averaged queue length than
SC-BP according to Fig. 6. This happens due to the fact that
when back-pressure schemes are employed over a network
with finite length links, some links can experience deadlock
situation, as observed in [19]. Deadlocks make the controllers
non-work conserving4 and may cause congestion propagation
to other links in a network. The deadlocks occur at very high
traffic loads depending on the network topology and especially
when there is a significant mismatch between lengths (or

4A control is work-conserving if the two conditions, i) Qab(t) > 0 and
ii) Qb(t) < Cb, are sufficient to ensure that the server of the junction works
during slot t, where Cb is capacity of link b. Non-work conservation is a sign
of inefficiency [19].
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Fig. 10. Average queue length computed over a 2 hours simulation time
period as a function of the vehicle input arrival rate under the modified AR-
BP method.
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Fig. 11. Total number of vehicles that exit the network, i.e., reach their
destinations during a 2 hour simulation period under different control methods.

capacities) of adjacent links. Note that our simulated network
is quite asymmetric in terms of lengths of different links and
therefore it is also more susceptible to deadlocks. One way of
resolving deadlocks under SC-BP is to use normalized pres-
sure functions [19]. Interestingly, the proposed back-pressure
schemes MC-BP and AR-BP are robust against deadlocks
because their control decisions are based on virtual queues
that keep growing irrespective of the lengths (capacities) of
their corresponding links.
Finally, we analyze performance of the proposed methods

under the following two measures that are relevant in high
load situations: i) latent demand and ii) latent delay. Latent
demand refers to the total number of vehicles that are waiting
till the end of simulation to enter the network. Latent delay
refers to the total waiting time of all vehicles that are not able
to immediately enter the network. This also includes waiting
time (outside the network) of the vehicles which were later
able to enter the network before the end of the simulation
time. In Fig. 12 and Fig. 13, we have plotted latent demand and
latent delay as functions of vehicle arrival rates, respectively.
These simulation results also indicate the benefits of using
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Scenario

Imperfect  queue  state  information
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ˆQ(c)
i (t) = max(Q(c)

i (t) + ni(t), 0), ni(t) ⇠ U(�W,+W )
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Noisy  queue  information  leads  to  longer  queues
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Noisy  queue  information  leads  to  reduced  speed,  longer  travel  time

•  Filtering  would  help  to  reduce  uncertainty
•  What  are  suitable  models  for  uncertainty?
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Future  work

•  Backpressure  operates  only  on  queues,  ignores  fundamental  
diagram.  Can  we  address  this?

•  How  much  queue  uncertainty  is  tolerable?  Relation  to  real  
sensors?  

•  Performance  in  the  presence  of  adversarial  cars,  trying  to  game  
the  system?
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Conclusions

•  Scheduling  and  routing  of  vehicles  can  alleviate  traf7ic  problems
•  Backpressure-‐style  algorithms  have  rich  history  in  communication  

networks
•  Many  changes  needed  in  vehicular  context,  but  algorithms  appear  

robust  against  model  mismatch  and  uncertainty
•  Impact  of  traf7ic  sensing  is  important  and  not  fully  understood
•  Connection  with  road  7low  dynamics  is  unclear
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