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Abstract. We present a study which aims to infer the vehicular traffic
origin-destination matrix for the Los Angeles Downtown Area, from a
unique real-world LA Metro data source which comprises sensor infor-
mation of traffic counts and speeds obtained in real-time from LA arterial
road intersections. We review the possible solution approaches and dis-
cuss the one is used here in details. The final results are presented for
three different time intervals with different traffic regimes of the same
day. The validity of the approach and some major applications of the
inferred origin-destination matrix is discussed at the end.

1 Introduction

Los Angeles is the second largest city of the United States, with a population of
about 3.8 million. Over the years, it has been developed with an emphasis on
private transportation. It is spread over a large area (more than 500 square miles)
that allows it to accommodate large numbers of single passenger commuters.
However, the rate of population growth has made the city face an increasingly
challenging problem to plan and manage its traffic in an efficient way.

For the first time, this work presents and utilizes a unique set of data that
has been gathered by LA Metro, the major bus and rail service operator in this
area. The data comprises the traffic count and traffic speed in most of the arterial
intersections of Los Angeles city. We are working to analyze this dataset to get
a better understanding of the underlying behaviour of drivers in the LA area,
which we will use later on to plan for traffic control.

A fundamental quantity we seek that could give us a useful representation
of the driving habits of people in certain geographical region is the Origin-
Destination matrix (OD matrix) for the vehicular traffic. Each element in OD
matrix corresponds to a particular pair of origin and destination points in the
city, and it indicates the rate of travelers that will move from the origin to the
given destination (for a particular period of time). Once we have the OD matrix
we can use it to develop various applications which are concerned with urban
traffic conditions and traffic control. We are also interested in understanding the
routing preference of drivers for any given pair of source and destination. For
each OD pair, there are multiple different possible paths that commuters asso-
ciated with that OD may choose. The preference of certain paths may depends
on drivers habit, the estimated distance and time of travel through the path.



We present an inference method to estimate the OD traffic matrix for down-
town LA based on the measured traffic counts on sampled intersections. This is
an under-determined problem in general and there could be multiple solutions
that fits the sensor readings of the traffic counts. To pin down the most accu-
rate inference we will incorporate other sources of urban information (Metadata)
along-side with traffic counts. Namely, we use a smaller set of nodes, called here
as hotspots, which are candidates for origin-destination pairs of considerable
size. We also incorporate the travel distance distribution as an additional infor-
mation input to the OD matrix estimation to eliminate the OD pairs with travel
distances that are unlikely to happen.

Knowing that the problem solution also depends on our model for the drivers
routing preferences, for the first time, we use a cross-validation method to evalu-
ate our solution as well as to infer the proportion of the traffic using each possible
routes for each of the possible origin-destination pairs.

The data set is new and to our knowledge our work represents the first
attempt to get an estimation of the true vehicular traffic matrix in the LA
region. We will also discuss different ways that this estimation may be used to
develop relevant applications for urban traffic control, etc.

The rest of the paper is organized as follows. Section 2 reviews similar work
that has been done on other data sets of the same kind. It will also review differ-
ent methods that have been proposed and used in prior work for OD estimation.
Section 3 states the problem in a formal way and describes the data set and
details of the cleaning steps required. We talk about the solution approach of
inferring the OD matrix based on our data in Section 4. The estimated OD
matrix is presented in Section 5 and different traffic demand patterns that can
be emerged from it are discussed in details. Finally we address the the validity
of the approach and touch upon the use of estimated OD matrix in Section 6.
Section 7 concludes the paper with possible future directions of the work.

2 Related Work

OD matrices have been used in different contexts in order to provide the under-
lying truth about the demands that drive system behaviour in various networks.
Examples of this are network tomography [14] and urban traffic planning [2, 12].

In the literature of urban planning, there are many works relying on OD
matrix of a certain region to synthesize realistic vehicle mobility traces. For
instance, Uppoor et al. [12] use OD and underlying traffic road network as feeds
to the SUMO [1] traffic generator to study traffic pattern for city of Koln in
Germany. Another example is VanetMobiSim [5] which is a simulator concerned
with both the traveling path choice of commuters (Macro-mobility) as well as
the individual car interactions (Micro-mobility). It is built upon OD input to
emulate the urban traffic traces for use in tele-communication VANETs.

In the context of network tomography the OD matrix represents the data
demand from one point to another point in a communication network infras-
tructure. It is easy to get a precise estimate of the OD matrix if we could sniff



packets at routers and read their headers. Even on occasions where reading the
packet headers is not possible, knowing the network routing policies and assum-
ing Poisson arrivals for the traffic [6] helps to get a precise OD estimate solely
based on packet counts in the routers.

On the other hand, it is more complicated to determine the OD-matrix for
a real-world urban traffic network. The equivalent of packet header readings in
urban traffic setting is tracking the GPS traces of individual vehicles [18] which
is not always possible due to privacy and accessibility constrains. Moreover,
Poisson arrivals assumption does not hold for urban traffic networks and we can
not have access to drivers routing preferences beforehand.

Traditionally, urban traffic OD matrix is estimated through individual house-
hold surveys on their commuting habits and residential commuting needs [12],
roadside interviews and plate methods [2]. However, while it can be very costly
to do that, it is not giving a fine grained precise estimation and rather provide
a prior belief about the general shape of the OD matrix. Munuzuri et al. [8] do
OD estimation for city of Seville. To avoid the cost of data gathering through
surveys, its authors construct their model on entropy maximization and algorith-
mic solutions such as Frank-Wolfe’s linear approximations. Authors in [18] use
GPS data from taxis in Shanghai to infer the OD matrix. Other major branch
of works in this context have used traffic counts [9, 2, 8] to get an estimate on
OD matrix of the targeted region. Van Zuylen and Willumsen [19] use traffic
counts gathered through induction loop in highways in Amsterdam to model
trip generation.

The major drawback with the OD estimation technique using the traffic
counts is the visibility issue i.e. what we sense (traffic counts on each road seg-
ment) does not provide full observability to the system OD matrix elements, or
in another words the OD matrix cannot be inferred unambiguously in general
from the traffic data. Different ways have been considered by researchers to pick
the best OD from the set of possible ODs that fit the observation. Some have
considered the maximum entropy approach [13] in which among all OD matrices
in the feasible set, the one with the maximum entropy will be picked. Some have
used a prior belief that maybe resulted from surveys combined with Bayesian
inference to find the best OD [11]. Statistical approaches that leads to parameter
estimation by means such as maximum likelihood maximization have been also
used to choose the OD which is most likely to happen [6]. However, as we explain
later on, the basic model assumptions of such approaches do not necessarily hold
for arterial traffic patterns.

As we discuss, we have undertaken in this work a different approach, which
combines on the one-hand a reduction of the order of the model (going with an
aggregated smaller set of OD points) and on the other hand the incorporation of
more information inputs such as the trip distance distribution, in order to obtain
a unique OD matrix in a tractable manner. We also use a validation technique
to infer the routing matrix (Driver’s rout preference) as well as to evaluate our
solution.



3 Problem Statement

Origin-Destination matrix reflects the underlying behavioural structure of com-
muting needs of people residing in a certain geographical region. Once one have
an estimation of this matrix they will be able to understand the traffic needs and
accommodate the need considering different restrictions that may be imposed.

Given a certain geographical region, the road network lying in the area can
be modelled as a graph G(V, E) where V is the set of nodes and E is the set of
edges of the graph. The road network intersections will map onto the the graph
nodes and for each road segment connecting two intersection directly, there is a
corresponding edge in the graph.

The OD matrix is a matrix of the size |V| × |V| with zero diagonal elements
i.e. there is no trip starts and ends at the same spot. Each element of the matrix,
odij , represents the number of cars which start their journey at the corresponding
intersection, i, destined for the other intersection, j, in the mapped graph of road
city network within unit of time.

The goal is having the available valid counts of vehicles in the unit of time
and their speeds on a set of road segments, to infer an OD matrix that fits the
best to our knowledge of the city as well as our data.

To achieve this, we need to know the amount of traffic which is contributed
by each OD pair to the traffic count of each road segment. This is, in fact,
affected by the routing choice of the commuters driving between each origin
and destination pair. The choice of the drivers might depends on many factors,
including the shortest path, fastest rout and their particular driving habits.

For a given commuters routing preference we can construct the routing ma-
trix. Which is a matrix with columns corresponding to possible OD pairs and
row corresponding to the arterial road segment. An element of the matrix in-
dexed by i, j is then represents the proportion of the traffic between OD pair j
that uses road segment i.

While works has been done to estimate drivers behaviour in choosing different
paths based on survey or GPS traces [16], here we are interested in inferring the
routing preference of drivers based on traffic congestion and delay estimates
of different routes. Where both traffic congestion and delay estimates can be
extracted from the traffic counts and average speed in the arterial road segments.

4 Solution Approach

We start with some notations. We use R to indicate real numbers and R+ for
non-negative real numbers. If A and B are given sets then R+

A is the set of all
vectors of size |A| with values that are non-negative and are indexed by elements
of A. With the same logic R+

A×B is the set of matrices with non negative real
value that are indexed by elements of A× B. In the rest of the paper we use the
following notation to formulate our model:

– E : set of directed edges/road segments.
– V: set of nodes/intersections.



– G(V, E): The directed graph that represents intersections and road segments.
– ∀e ∈ E , we, ηe ∈ V: we is the node connected to the tails of edge e and ηe is

the node connected to the head of that edge.
– L = {V ×V}: Ordered set of pairs of nodes. This corresponds to all possible

OD pairs.
– φj , δj ∈ V: Respectively the source and destination of the jth element in L.

– f ∈ R+
E : Vector of traffic counts. Each element represents average count of

cars leaving each road segment per unit of time.
– x ∈ R+

L: Vector of flows. Each element of the vector represent average count
of cars that travel from the origin to the destination of the corresponding
OD pair in unit of time.

– s ∈ R+
E : The average speed of traffic in every road segment in the given

period of interest.
– d ∈ R+

E : The average time it takes a car to traverse each edge in the current
traffic load.

– Mj : Set of all possible routs corresponding to OD pair, indexed jth in L.

– Dj ∈ R+
Mj

: Vectors of the delay associated with each path in Mj .
– Pj : Set of all usable routs corresponding to OD pair, indexed jth in L.
– Je ∈ NL: Vector of link e ∈ E utilization by different ODs.
– A ∈ R+

E×L: Routing matrix.

To solve the problem described in section 3 , we consider the traffic network to
be in its equilibrium and model the traffic system dynamics with steady flows
of cars. Each flow corresponds to one origin destination pair in the OD matrix.
The flow sizes are shown by the elements of the vector x|E|×1. It is expected
that each driver in the flow would take the path to the destination that is the
shortest either with respect to the time or the distance. When there are multiple
paths with same range end to end delay, drivers may choose each of available
paths based on a probability distribution that may change depending on drivers
priority and estimation accuracy. It has been assumed that most of drivers do
not have a delay estimation drastically different from the reality. This is given
the fact that they usually construct their estimation based on online traffic maps
and past experiences.

The traversing time of each link can vary in time as traffic congestion varies
from time to time. Knowing that the traffic congestion have slow transients, we
can get a realistic view of traffic by averaging over the speed of passing vehicles
in each intersection. This will also help to account for the effect of traffic lights.
Given s as part of our collected data and the road network details we can compute
d which is the vector of link traverse time delays.

For an OD indexed j in L a possible loop free end to end travel path can be
defined as follows:

Mj = {mj |mj = m′j ∩m′′j} (1)

Where:

m′j = {e|e ∈ E , (∃!l ∈ mj : ηe = ωl) ∨ (ηe = δj)}
m′′j = {e|e ∈ E ,∃!l ∈ mj : ηl = δj ,∃!l ∈ mj : ωl = φj}

(2)



In particular M j is the ordered set of all distinct sets mj . Where mj is the
collection of all edges that form a path from φj to δj . having the average traverse
time of each link we can calculate the Dj as follows:

Dj
i =

∑
e∈Mj

i

de (3)

In which Dj
i is the ith row of Dj and Mj

i is the ith element of Mj .
Once a traveler wants to choose its travel path to its destination, there might

be multiple paths with travel time in the same range of the shortest path delay.
We name the set of paths that might be used by a traveller in the current network
traffic state Pj and define it as follows:

Pj = {mj |mj ∈Mj , Dj
mj ≤ αmin

i
Dj

i } (4)

Where α is a constant greater and close to 1 and is added to capture the
drivers preference and traffic estimation quality. The lower the α correspond to
willingness of the drivers to take routes with longer delays in order to get to their
destinations. This willingness may come from bad estimations or other priorities
such as selecting main arterial routes or ones with shorter travel distances.

We can consider a probability distribution vector hj over the set of possible
paths (Pj) of each OD pair j to represent drivers priorities in rout selection. In
this case, xj ∗ hi for i ∈ {1, . . . , |Pj |} represents the actual portion of the flow
taking path indexed by i from the set of ordered paths Pj .

Knowing what paths each flow may take for each possible origin-destination
we define Je as follows:

Je
j =

∑
m∈Pj

hjm
∑
e′∈m

1e′=e (5)

Je
j is the jth element of Je and indicates the proportion of xj that are using link
e.

We can now build the routing matrix A|E|×|L|. The elements of the routing
matrix are in range of [0, 1]. An element ai,j represent the portion of flow of the
OD indexed jth in L that is passing through road segment i ∈ E and will be
equal to J i

j .
Hence given the road network within a certain traffic state we can compute

the corresponding routing matrix A. There is a linear equation between the
actual size of OD pairs and the flow of traffic on each link in terms of A:

Ax = b (6)

In which, b is the data that sensors are reporting on traffic count on each
link and A is the routing matrix at the current traffic setup.

Equation (6) gives a straight forward way to compute traffic counts on each
link knowing the OD pairs sizes. However, the reverse problem has more into it.
If we consider to solve the equation for the unknown possible OD pairs, (6) is an



under determined system of linear equations i.e. A is a low rank matrix. In other
words, having the counts traffic on each link does not reveal all the underlying
truth about the origin and destination of the traffic flows.

In order to narrow down our search for a plausible (close to reality) OD ma-
trix, we have to incorporate other sources of information than only the traffic
counts. As mentioned in previous sections some have used the Poisson distribu-
tion for OD sizes within a probabilistic framework to pin down one solution by
solving a maximum likelihood optimization. Although i.i.d Poisson distributed
OD size model might be acceptable for information packets in worldwide web
or partially in highway traffic networks, they are not suitable for arterial traffic
networks. One can get an intuition on this by looking into the first example in
[14]. The Poisson assumption in the example has led to absolute preference of
shorter OD pairs to the longer ones, which is not a justifiable preference in the
case of arterial traffic networks.

Here, we incorporate two other class of information to narrow down our search
space and get a more realistic estimation of ODs. We first identify the candidate
spots that are more likely to be the source or destination of major traffic travel
flows. These candidate nodes can be found by identifying the major hot spots
of the city, clusters of residential areas and major highway entrances.

Having a set of candidate nodes any pair of them can be a candidate major
OD pair. At this point we use our knowledge about the urban travel distance
distribution to further limit the candidate sets by eliminating those pairs which
are less likely to be valid. In other words, we choose the second source of our
information to be the meta-data on urban commute distance distribution.

Trip distance distribution indicate the portion of the total trips that are
made by the cars such that the length of the trip falls within a given range.
It has been shown that the log normal distribution is a good fit for urban trip
distance distribution [3]. An example of a log-normal distribution can be seen in
Figure 1. As you can see, There is a distance threshold that having a trip distance
below which is very unlikely. Intuitively it means that people are not likely to use
vehicles to trip distances that are not long enough. We use this fact to further
remove OD pair candidates that their corresponding trip distance would fall
bellow the given threshold of trip distance distribution. Here we consider this
threshold to be equal to 500 meters.

By narrowing down our search space, the new set of candidate ODs will be
a subset of L and will be shown by L̂. We also have Ê which is the union of the
links that are used by L̂.

Ê = ∪j∈L̂ ∪m∈Pj m (7)

And hence equation 6 would change to the following one:

Âx̂ = b̂ (8)

Where Â ∈ R+
Ê×L̂ is a sub-matrix of A with those elements of A that have

corresponding elements in Ê × L̂. Also x̂ ∈ RL̂
+ and b̂ ∈ RÊ+ are sub-vectors of x

and b respectively with the same logic.



Equation (8) will not have more than one answer if the following is true:

∀L1 6= L2 ⊂ L̂ : ∪j∈L1
∪m∈Pj m 6= ∪j∈L2

∪m∈Pj m (9)

In other words no two distinct subset of candidate ODs should have the same
set of contributing links to their usable paths. If this statement does not hold
for any two subsets of ODs, those two subsets are not distinguishable from each
other based on the traffic counts.

On the other hand, even if (9) holds, equation (8) might be overdetermined.
This is partly due to the number of small sized ODs that we have omitted. In
this case the best possible estimate is the one with the smallest error. This leads
in turn to solve the following optimization problem.

argminx̂||Âx̂− b̂||22
subject to: x̂ ≥ 0

(10)

However, we still need to assess the solution given by 10 for our problem. We
should also note that Â depends on the way we construct hj and for different
OD pairs. In fact, we may end up with different results for different ways of
constructing hj . To address these issues, we choose a cross-validation technique
in which we randomly select %80 of road segments from Ê , call the new set Ê1
and the remaining of the set Ê2. We reconstruct optimization 10 into another
optimization problem such that it only comprises rows corresponding to Ê1. The
solution to the new optimization formulation, x̂1 can be now evaluated with
respect to the set of remaining road segment: Ê2. Based on this, we define the
average error as follows:

z =
||Â2x̂1 − b̂2||2
||Ê2||

(11)

Where x̂1 is the solution of the optimization formulation 12 and Âi is the
sub-matrix achieved by selecting the rows of Â that correspond to elements of
Êi.

argminx̂||Â1x̂− b̂1||22
subject to: x̂ ≥ 0

(12)

Optimization (12) is a linear least square optimization problem that can be
solve by many different convex optimization tool. Here we use the scipy.optimize
package of Python to solve it.

5 Results

In this section we present the OD estimated results for the rectangular region in-
cluding USC and downtown Los Angeles. The area of focus spread from (34.0730,
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Fig. 1: A typical log-normal distribution with σ = 0.5, µ = 1.5

-118.3060) to (34.0170, -118.1950) and has dimensions 6227×10922 meters. The
map of the area is shown in Figure 2. This area includes 5498 intersections and
7584 distinct arterial road segments. The detailed information of the map in-
cluding the the road segment ID, name, length, bearing, start and end latitude
and longitude are all extracted from Open Street Map (OSM).

The LA Metro data are gathered through induction loop sensor in arterial
road segments. The information in each sensor has been stored each minute and
comprises of the followings:

– ID: Unique ID for the sensor.
– Link ID: Unique ID for the road segment.
– Link Type: Highway/Arterial.
– On Street: Sensor located on which street.
– From Street: Sensor is located on the lane that leave off this street.
– To Street: Sensor is located on the lane that goes toward this street.
– Date: Day of the reading.
– Time: Exact time of the reading.
– Latitude and Longitude: GPS Specific of the sensor.
– Occupancy: Percentage of the time Where the loop was occupied in the last

reported minute.
– Speed: The average speed of the traffic flow in the reported minute.
– Volume: Count of cars passing over the loop sensor in the past minute.
– HovSpeed: Specifies if there is a carpool lane.
– Status: ”OK” if the sensor reading is valid.



Since the sensors might fail to record the data from time to time or they may
not working for a periods of the time, a cleaning phase is performed to prune
the unreliable data. Also a processing phase is performed to let the valid data
be available for each sensor in each 5 minute interval.

The LA Metro data is used alongside information extracted from Open-
streetmap [4]. Openstreetmap is an open source user based database that pro-
vides most up to date maps of selected regions. The data set from Openstreetmap
comprises the followings:

– Node ID: Unique ID for each intersection.
– Neighbour ID: For each node set of neighbouring node IDs are listed.
– Longitude, Latitude: Each node ID has its own Longitude and Latitude.
– Segment ID: Unique ID for each road segment.
– Segment end: the two end vertices’s IDs of each road segment.

Another level of processing is done at this point to map the segments ID
from the Openstreetmap database to induction loop sensor ID in the LA Metro
data set. It is done here by comparing the Longitude and Latitude of the each
sensor with of the same of each intersection in the Openstreetmap data base.
From the set of the candidate segments connected to the selected intersection,
we choose the segment that fits to the other specification of the sensor in the
LA Metro data set.

Once we integrate our two databases, we could define our problem. The goal
is having the available valid counts of vehicles and their speeds on a set of road
segments, to infer an OD matrix that fits the best to our knowledge of the city
as well as our data.

The LA Metro data set contains reading from 1086 distinct sensors in the
area of focus. Each sensor reports the average speed and aggregate number of
vehicles passing over them each one minute. We have merged the sensor location
data with the OSM map data and find the exact location of each sensor with
respect to the road network. Having 1086 number of sensors means that we have
reading from 1086 number of edges of our modeling graph.

In the next step we have identified a set of candidate nodes that can partici-
pate in potential origins or destinations of major flows. This set has been chosen
based on meta data indicating the residential block, major highway, business
block and potential hot spots of the city. There are 23 distinct nodes in this set,
from which 7 nodes represent potential origins or destinations that fall outside of
our map boundary. The set of candidate nodes with their location with respect
to the map is shown in Figure 3.

L̂ is constructed afterward from the cross product set of chosen nodes and
using a typical trip distance distribution with a cut off value of 1640 feet (500
meters).

We focus on three different state of the traffic network through a day, morn-
ing and evening rush hours, alongside the afternoon traffic. Three different time
windows of size 30 minutes are selected corresponding to each state which are
respectively start at 7:00 am, 7:00 pm, and 1:00 pm. The collected data in each



time window is averaged for each sensor to reduce the noise and anomalies ef-
fect. Next, the routing matrix Â is constructed for each time window using the
extracted information from OSM, sensory readings and different scenarios of
the routing preferences. At this stage we evaluate the average error of the solu-
tion based on the cross-validation approach mentioned in the previous section.
This way we can evaluate the performance of our solution for a given routing
preferences. By finding the setting where the error is the smallest, we get an
understanding on how on average the commuters behave when it comes to route
selection.

Our results show that the small average error is achieved when the traffic is
assigned to routes that have an end to end delay in the range of the shortest path
rout. The split of traffic happens in a way that in general the paths with the
shorter delay takes the higher portion of the traffic for a given OD pair. However
an interesting observation is that the set of chosen routes by drivers not only
have delays in the range of the shortest path but also have low correlations with
each others. Here, we use the term correlation for two different paths between the
same origin and destination to reference the average percentage of the length that
they have in common. Figure 5 illustrate the results confirming this behaviour
for all three different time slots.

In general when sorting the available paths based on their end to end delay,
those on the top of the list have high correlations. We create a delay sorted list
of low correlated paths for each OD pairs by adding the constrains that no path
can be added unless it has less that 20% correlation with the ones above it in
the list. Figure 5 also shows that on average the traffic split between the best 3
uncorrelated routes in the rush ours while this number is 2 in the light afternoon
traffic.

All the non-zero resulting estimated traffic flows are listed in table 1, 2. The
sizes are the estimated number of vehicles that are traveling from the corre-
sponding source to destination per one minute. By looking into the resulting
estimates different traffic demands can be revealed. To further assist in inter-
preting the results we have visualized them on the map for different flow sizes
and time window intervals.

Figure 4 shows the flow size distribution for the three different time intervals.
As it can be seen in the afternoon time slot, the aggregate traffic flow is less
compared to the morning and evening rush hours and there are more flows with
small sizes, indicating more erratic behavior of travelers. In the morning and
evening time interval there are a few flows with large sizes suggesting multiple
flocks of cars traveling the same path. These flows have been shown with respect
to the map in figure 6. Each arrow in the map corresponds to one flow, the arrow
head indicates the destination and the tails indicates the origin of the flow. In
both morning and evening time intervals one of the major flows is the one with
ID 436 representing the vehicles that are passing downtown going to the north-
east. It is also interesting to note that none of the flows with size greater than
25 per minute originate from or destined in downtown financial area, suggesting
the major OD flow in the map are those which are passing the map center. This



is while when looking in the afternoon time interval, the biggest size OD flows
only contains short travel distances and happening only in the residential blocks,
mostly in the west-lake area.

When looking into the flows with sizes between 21 and 25 vehicles per minute,
there are many flows in the morning destined for downtown financial area and
a few others originated from residential areas going toward destinations resides
outside of them map. This is while there is not such pattern in the evening time
interval.

The flows with medium sizes (between 15 to 20 vehicles per minute) are
shown in figure 7. Interesting patterns can be observed as well for these flow
sizes. As an example in the morning time slot most of the flows are originated
from or destined for highway entrances. Remembering that each flow is a demand
for the road network, we can see that highway 10 has the most demand in the
network, both in the morning and in the evening.

Fig. 2: The area of focus. It is rectangle of size 6227 × 10922 meters including
the Los Angeles Downtown area and USC Park Campus. Spread from (34.0730,
-118.3060) to (34.0170, -118.1950).

6 Discussion

This section touches upon two different aspects that are very much needed to
justify this work. First, is the concern of accuracy. It is important to know how
reliable are the estimated results and more generally under what conditions the
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results can be considered valid. Second, is how helpful the estimated OD matrices
can be. We address this one by going through some of the most important
technologies and applications that could rely heavily on OD matrix estimation.

6.1 Accuracy

The accuracy of the estimated OD sizes depends on many factors such as the
accuracy of induction loop readings, drivers behaviour modeling, existence of
traffic equilibrium and etc. But most importantly it depends heavily on the
choice of the candidate ODs. To be more precise, for the estimated flow sizes
to be close to reality the set of candidate OD’s (L̂) needs to have satisfy the
following conditions.

1. L̂ should satisfy criteria 9.
2. The major ODs in L should be clusterable and L̂ should be a close repre-

sentation of the clusters.

The first condition is what we discussed earlier: for a given set of OD candi-
date pairs the estimation result is unique if criteria in 9 holds. Otherwise there
would be more than one answer to the system of linear equations and there is
no way to tell them apart.

The second condition is observant of the effect that eliminating the rest of
OD pairs can have on the resulting estimate. Let’s assume that we have all
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Fig. 4: distributions of the size of the flows in different time periods of the day.
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Fig. 5: The average error for different scenarios of routing preferences.
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Fig. 6: Estimated OD flows in different time periods of the same day.
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Fig. 7: Estimated OD flows with sizes 15 to 20 in different time periods of the
same day.



the non-negligible OD pairs with their actual sizes. We can put different OD
pairs into one cluster if their sources are spatially close together as well as their
destinations. For example all the flows that start from a residential region of
few blocks size and ending up in downtown area can be seen as one cluster. The
underlying set of non-negligible OD pairs of a given urban area, L, is clusterable
if we can identify clusters such that most of the large size OD pairs fall under one
and only one cluster. Under such condition, each cluster can be represented by
one OD pair. As a result, the resulting estimate of each candidate OD size will
be the estimate of aggregate size of the ODs within the corresponding cluster.
In fact, when we choose candidate nodes we are looking to form the most likely
clusters that may exist for the underlying OD structure of the city.

6.2 Applications

Estimating the underlying OD structure of a given urban area is the first build-
ing block for many different purposes. Here we identify some of the important
applications that can make use of the OD matrix.

1. Urban Planning: Urban planning is a complicated topic with lots of dif-
ferent aspects[15]. The most important aspect of this broad topic is the op-
timum design and regulation of transportation network in a way that could
handle the demands of urban commuters as well as meets the environmental
standards[7]. We can not design an appropriate policy for a transit network
if we don’t have a good estimates of what this network need to handle. On
the other hand, once we have the OD flows for a given urban area, we are
aware of the vehicular traffic demands. We can plan to satisfy the demands
with respect to different criteria that might be imposed because of some
other objectives. It enables us to add or remove road segments into the road
network. More dynamically, we will be able to manipulate speed limits, traf-
fic signalling and stop signs to force people to take more desirable routs, so
that the individual selfish behaviour results in communal benefits as well.

2. Vehicular Network Data Delivery: Vehicular Networks can be seen as
an alternate medium for data delivery. Many have even considered it as a
potential candidate for 5G wireless networks [10]. Having the OD flow sizes
alongside with the road network map is essential to estimate the vehicle
pairwise contact rate based on which we can plan and choose best strategy
to achieve acceptable throughput of the system.

3. Distributed Sensing: There are many different environmental variables,
such as noise, pollution, temperature and etc, that can be seen as a random
field spread over large areas. The traditional way of measuring these vari-
ables is through fixed stationary stations. However, because of the cost and
implementation constrains of such stations, they can not provide a fine grain
description of the objective field. This in turn, makes the vehicular networks
a much better and more effective mediums for the purpose of urban monitor-
ing[17]. However, the challenge is how best to make use of such complicated
networks. In an ideal scenario we should be able to predict the future path



of each vehicle so to decide how to combine and compress collected spatial
data through the field without lots of overhead communication. And this is
where OD matrix of the given area will become useful.

7 Conclusion

This work has presented a unique data set of traffic counts in LA for the first
time. Based on this data set, we have shown how to extract useful information
about traffic pattern in downtown LA, in the form of origin-destination traffic
matrices for different time intervals. We have also used a validation technique
that reveals interesting behaviour of urban commuters when it comes into route
selection. Besides the algorithm we have used for the OD estimation, result
evaluation, the details of the data set, cleaning and processing steps have been
explained and we have also provided a discussion of the applications that can
be supported by this set of results. In this work, we considered a fixed value for
each time window (30 minutes). As a next step, we plan to evolve the modeling
to a dynamic setting and try to capture how the OD pair flows are changing
smoothly over time given the data. Also, it may be worthwhile to explore more
sophisticated approaches that allow for more numerous OD pairs to provide a
more fine-grained traffic matrix estimation.
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OD ID Source Destination Xm Xa Xe OD ID Source Destination Xm Xa Xe

1 5499 2018 0 12 16 2 2018 5499 15 21 30
3 5500 2018 11 1 6 5 5501 2018 18 1 19
6 2018 5501 0 2 0 7 5502 2018 4 5 9
9 5504 2018 15 8 14 13 5506 2018 0 11 0
14 2018 5506 13 3 20 23 5504 3543 0 1 0
24 3543 5504 0 4 5 26 3543 5505 18 20 6
27 5506 3543 2 0 0 29 5499 1816 0 11 0
35 5502 1816 15 11 30 36 1816 5502 50 16 23
37 5504 1816 0 0 5 41 5506 1816 32 16 15
42 1816 5506 14 15 13 43 5499 165 0 0 2
44 165 5499 10 7 16 61 5501 317 4 9 0
62 317 5501 0 18 33 67 5505 317 6 8 5
68 317 5505 11 7 16 69 5506 317 11 0 8
70 317 5506 0 0 3 71 5499 4006 32 38 47
72 4006 5499 22 30 41 74 4006 5500 10 0 13
75 5501 4006 10 6 9 76 4006 5501 16 12 18
78 4006 5502 0 0 5 79 5504 4006 14 12 24
81 5505 4006 7 0 9 82 4006 5505 15 14 20
85 5499 4519 0 7 12 86 4519 5499 3 2 4
91 5502 4519 5 1 0 92 4519 5502 22 0 0
93 5504 4519 0 2 0 94 4519 5504 10 4 13
95 5505 4519 12 9 8 96 4519 5505 18 12 15
97 5506 4519 11 13 10 98 4519 5506 5 8 3
99 5499 1703 2 1 0 100 1703 5499 10 13 9
102 1703 5500 9 11 9 103 5501 1703 5 6 5
104 1703 5501 4 4 4 105 5502 1703 3 4 4
106 1703 5502 17 13 12 107 5504 1703 18 0 0
108 1703 5504 2 0 2 111 5506 1703 4 24 0
112 1703 5506 0 19 10 113 5499 3858 16 1 0
119 5502 3858 14 8 11 120 3858 5502 1 3 10
122 3858 5504 0 7 0 127 5499 4667 17 17 21
128 4667 5499 27 17 28 129 5500 4667 1 0 0
133 5502 4667 3 0 0 134 4667 5502 7 0 4
137 5505 4667 7 15 15 138 4667 5505 5 4 1
155 5499 1182 0 2 0 156 1182 5499 9 1 4
163 5504 1182 0 0 4 165 5505 1182 0 6 0
166 1182 5505 7 7 5 171 5500 301 1 7 8
175 5502 301 3 0 0 176 301 5502 22 9 7
179 5505 301 2 6 2 180 301 5505 9 8 7
183 5499 2747 0 0 12 184 2747 5499 11 7 19
188 2747 5501 2 5 0 190 2747 5502 1 10 0
194 2747 5505 0 5 7 195 5506 2747 0 0 13
196 2747 5506 13 0 0 197 5499 635 2 0 0
198 635 5499 6 1 1 199 5500 635 0 3 0
201 5501 635 16 14 14 202 635 5501 11 15 16
203 5502 635 1 5 8 207 5505 635 0 0 3
208 635 5505 5 5 12 211 5499 3790 0 0 11
212 3790 5499 6 6 7 213 5500 3790 24 12 30
217 5502 3790 0 5 3 221 5505 3790 8 6 12
228 2498 5500 1 0 0 229 5501 2498 3 0 0
230 2498 5501 16 8 15 231 5502 2498 4 0 0
232 2498 5502 29 8 14 234 2498 5504 7 0 5
235 5505 2498 5 6 7 236 2498 5505 7 6 0
241 5499 5502 27 0 12 242 5499 5504 9 10 19

Table 1: Estimated size of candidate OD pairs for three different times in a day
of 05/28/2014.



OD ID Source Destination Xm Xa Xe OD ID Source Destination Xm Xa Xe

243 5499 5505 5 8 8 244 5499 5506 20 21 6
249 5500 5505 18 9 12 257 5502 5499 0 10 14
258 5502 5500 14 13 29 260 5502 5504 2 2 2
262 5502 5506 3 2 4 263 5504 5499 11 6 8
266 5504 5502 0 5 0 267 5504 5505 0 6 8
268 5504 5506 5 0 0 270 5505 5500 5 3 13
274 5505 5506 0 5 1 280 5506 5505 18 9 0
284 2018 317 18 0 0 286 2018 4519 22 11 14
317 1816 4006 12 10 19 322 1816 2488 0 3 6
323 1816 1182 11 18 21 327 1816 3790 3 3 0
328 1816 2498 0 1 0 329 165 2018 6 9 5
331 165 1816 32 0 2 332 165 317 14 9 19
335 165 1703 9 7 0 336 165 3858 0 4 0
341 165 2747 5 8 10 342 165 635 23 2 7
345 317 2018 3 1 0 347 317 1816 15 0 0
348 317 165 0 7 16 352 317 3858 5 3 5
353 317 4667 21 0 0 354 317 2488 4 0 19
358 317 635 2 2 4 359 317 3790 0 7 1
364 4006 165 8 5 3 365 4006 317 12 29 40
366 4006 4519 21 15 20 368 4006 3858 15 13 20
370 4006 2488 0 6 0 375 4006 3790 0 1 2
376 4006 2498 16 16 20 377 4519 2018 20 22 24
380 4519 165 9 3 12 383 4519 1703 0 0 1
384 4519 3858 6 1 0 385 4519 4667 0 2 2
386 4519 2488 0 1 0 388 4519 301 0 0 1
391 4519 3790 17 10 15 393 1703 2018 1 0 0
398 1703 4006 6 11 4 403 1703 1182 14 0 3
412 3858 165 4 11 19 413 3858 317 0 3 1
414 3858 4006 18 8 26 415 3858 4519 0 0 6
426 4667 3543 3 0 15 427 4667 1816 0 0 1
428 4667 165 14 4 0 436 4667 301 43 18 35
438 4667 635 2 2 11 445 2488 317 0 2 0
447 2488 4519 23 0 1 448 2488 1703 0 2 0
451 2488 1182 10 11 13 461 1182 317 0 5 0
467 1182 2488 9 5 6 468 1182 301 8 7 10
470 1182 635 4 11 12 474 301 3543 23 3 15
475 301 1816 0 0 1 476 301 165 15 0 0
479 301 4519 3 8 8 481 301 3858 0 5 0
482 301 4667 11 10 11 484 301 1182 17 7 11
487 301 3790 14 0 0 489 2747 2018 8 7 20
490 2747 3543 0 9 0 491 2747 1816 6 0 9
493 2747 317 1 0 0 494 2747 4006 2 0 0
495 2747 4519 0 9 0 496 2747 1703 12 0 5
500 2747 1182 0 0 2 501 2747 301 0 4 0
502 2747 635 10 13 10 503 2747 3790 17 7 8
504 2747 2498 0 3 0 505 635 2018 2 7 25
506 635 3543 16 0 0 508 635 165 0 8 22
509 635 317 0 6 14 514 635 4667 0 3 0
516 635 1182 33 8 5 518 635 2747 8 5 0
520 635 2498 24 14 20 522 3790 3543 4 0 0
523 3790 1816 2 5 5 527 3790 4519 21 17 20
528 3790 1703 12 4 5 530 3790 4667 10 6 5
541 2498 317 0 5 0 542 2498 4006 9 15 16
543 2498 4519 15 13 24 544 2498 1703 0 0 1
547 2498 2488 6 0 0 550 2498 2747 10 13 19

Table 2: Estimated size of candidate OD pairs for three different times in a day
of 05/28/2014.


