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Summary
This document provides a sensitivity analysis of a series of methods for predicting supply and
demand of transport systems. These methods allow the generation of a wide range of
predictions: local and network-wide, traffic flows and travel demand, for private vehicular traffic
and public transport systems. The methods were developed with special consideration for
robustness and scalability, including the origination of techniques for dimensionality reductions
in light of SETA project objectives.
Following the description of the developed model-based and data-driven techniques for shortterm predictions provided in D4.2, the sensitivity analysis of developed techniques is
performed based on the most challenging requirements of the real-time system identified. The
data-driven and simulation-based techniques and methodologies to predict the traffic state
and demand in the network, require different level of transport network representation. This
document details how the network models for the various levels of simulation models are
calibrated and validated with data collected during the Phase 1 of the project. The simulation
software Aimsun is used.
Both network-wide and local short-term vehicle traffic predictions are evaluated. The networkwide prediction uses clustering based strategies to reduce the high-dimensional nature of the
network. For local predictions, a rule-based strategy is used which is robust and easily
scalable in terms of network size and modelling complexity. The performance of these
methods has been demonstrated in the use case of Santander, Turin and Birmingham.
Evaluation of methods in these three use cases that differ in spatial and temporal scale of
data, network structure, mobility patterns already brought significant insights into the methods
performance. Furthermore, an elaborate sensitivity analysis to assess the developed methods
in terms of accuracy, reliability of the outcomes and scalability has been performed on the
Santander use case. In addition, origin-destination (OD) vehicular demand estimation and
prediction method is evaluated. This method is designed to solve the high-dimensionality of
nonlinear OD estimation problem by computing the derivatives only for the most significant
OD pairs with respect to traffic observations that allows the modeller to control the trade-off
between simplicity of the model and the level of realism. An elaborate sensitivity analysis of
the developed method has been performed on real, large-scale use case of Santander along
with network simulation models for vehicle traffic demand predictions.
The algorithms and prediction methods reported in this deliverable constitute an advance in
the state-of-the-art while being devised to serve the specific objectives of the SETA project
with the prospective case studies taken into consideration. The developed vehicle traffic and
demand predictions methods are evaluated on the three test sites as part of an extensive
sensitivity analysis. Results obtained in this deliverable demonstrate the advantages and
limitations of each predictor and quantify them in terms of computation time, accuracy and
robustness. These performance indicators will be used as a guideline for further algorithm and
prediction method improvements in Phase 2 to build the confidence boundaries for their
application with more extensive data sets and operations in real-time.
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1 Introduction
1.1

Background and Purpose

Transport operations and dynamics are inherently uncertain. Transport infrastructure and
system managers rely on anticipated future system states in making traffic management and
control decisions. Moreover, system users – car drivers and public transport passengers –
rely on information provision in making travel decisions such as departure time and route
choices. It is thus essential to generate accurate, reliable and robust short-term predictions
concerning transport supply and demand. In D4.2 “Initial Development of Demand and Supply
Predictors” short-term prediction techniques were developed in the most promising direction
in the context of the SETA project.
This document reports the “Initial Evaluation of Predictors for Smart Mobility”. The methods
reported in this deliverable were evaluated in the context of Task 4.3 in the SETA project as
part of Phase 1 which corresponds to the first half of the project. These methodologies relate
to predicting supply quantities (speeds, travel times) and demand quantities (origin-destination
(OD) flows, isolated local flows). The aim of this report is to demonstrate performance of the
developed methods under real-scenario challenges with results wherever needed or possible
in all three use cases. Each section starts with an overview that provides a general introduction
in performance of the methods, followed by a more technical and elaborate sensitivity analysis
of the prediction and modelling techniques.

1.2

Report outline

The body of this report consists of five chapters:
Chapter 2 describes how each of the SETA use case network models – Santander, Turin and
Birmingham – is defined in terms of its geographical demarcation, is calibrated and validated,
and the respective data that has been collected to calibrate and validate a network model.
Chapter 3 and 4 present initial evaluations in predicting vehicular traffic for network-wide and
local traffic predictions, respectively. Methods have been evaluated with special scenario
consideration to demonstrate each method’s robustness and scalability. The performance of
the methods for generating network-wide and local predictions is demonstrated for all three
use cases with the more elaborate sensitivity analysis in Santander use case.
Chapter 5 focusses on vehicular traffic demand predictions. Methods have been evaluated
through sensitivity analysis to demonstrate robustness, scalability and enhancements over
conventional methods. The initial evaluation of the method for generating traffic demand
predictions is demonstrated for the Santander use case.
Finally, Chapter 6 describes the plan for extending the methods detailed in this deliverable to
larger data sets in SETA case studies and discusses the outlook of traffic and demand
predictions in the context of the project.

Deliverable 4.3

7

2 Evaluation of the network models
2.1

Background

The goal of this section is to demonstrate the calibration and validation methodology and
results for developed traffic network models. Within WP4, the simulation software Aimsun
(TSS-Transport Simulation Systems 2015) is used to calibrate and validate network models
for each use case within SETA. Note that WP4 develops data-driven and simulation-based
technologies to predict the traffic state and demand in the network, and these technologies
require different levels of transport network representation in their models. Therefore, in WP4
two compatible, but different, network representations have been developed and adopted: the
network graph and the network model as presented in Section 2. The network graph
representation is used to evaluate developed data-driven network-wide and local traffic
prediction methods while the network model is used to evaluate developed traffic demand
estimation and prediction method in this Deliverable. However, developed and evaluated
network models are not limited for use only within this evaluation study, but can be explored
further in phase 2 for various simulation-based, what-if traffic management scenarios and
public transport evaluation. Network models are also shared with other SETA’s work packages
for application in their tasks.
Evaluation of the network models has been performed using data collected in Phase 1 of the
project that is consistent with models’ evaluation domain. The development plan of the
network graphs and associated network models was designed in consultation with other
project work packages to ensure consistency between objectives and an integrated data
exchange. As a result, in Phase 1 network graphs and models were developed for Santander
and Birmingham, however, in accordance with direction provided, work on the Turin use case
has focussed solely on network graphs for data driven approaches at this stage.
Why model calibration and validation is necessary?
Once the network representation is built, the essential challenge in building the network model
becomes the calibration of all the supply and demand parameters in order to reflect the real
traffic phenomena. Model calibration involves adjusting model parameters and inputs to
improve the traffic network model’s ability to replicate real traffic conditions. Model validation
is the process of checking to what extent the model replicates reality, and in particular, the
effects of changes in the system and its inputs. It is closely related to the model calibration
task. The validation importance (and difference from calibration) is that it provides the user
confidence that the responses to changes in the transportation system that are observed in
the simulation model are representative of those that would have been found in the real
system. Thus, a model may be calibrated so that it replicates current traffic measurements,
but, only a valid model will be able to accurately predict the effects of changes in the current
system. Calibrated traffic network model requires the (often thousands or tens of thousands)
OD flows in the network as inputs that need to be calibrated. Similarly, in the supply side,
segment output capacities are among the parameters that need to be calibrated, and these
are easily in the order of thousands.
Calibration and validation data
Observed and collected traffic data sets that are statistically significant and provide good
coverage of the use cases area are a prerequisite for the calibration and validation
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process. Calibration data consists of measures or observations of road capacity, traffic counts,
and observations of system performance such as travel times, speeds, delays, and queues.
Capacities can be gathered independently of the traffic counts (except during adverse weather
or lighting conditions); however, travel times, speeds, delays, and queue lengths must be
gathered simultaneously with the traffic counts to be useful in calibrating the model. Traffic
counts and speed data can be collected from loop detector data provided by traffic
management centres or from road cameras or Bluetooth stations. The best source of pointto-point travel time data is “floating car data”, that acts as an advanced vehicle location and
identification system. As a result, a traffic network model calibrated and validated against
various traffic data, not only traffic counts, will ensure high predictive ability as it replicates
congestion, route choice decisions and travel times in the network to an acceptable level. The
following measures have been used to ensure a good network model validation: Root Mean
Square Normalized Error (RMSNE), Correlation coefficient (R-squared), and GEH statistic.
These performance measures represent the most common goodness-of-fit measures in traffic
engineering and transport planning practice, where values a coefficient of correlation of 0.85
is considered acceptable for model calibration. For more technical guidelines on the calibration
and validation process of the traffic network simulation models we refer to Dion et al. 2012.
In this section, we present data used to calibrate the network models for each use case in
Phase 1 of SETA and how this data has been used in the validation process of the network
model. Furthermore, the calibrated network model for each use case has been shared with
SETA partners to evaluate their methodologies and technologies.

2.2

Calibration and validation for Santander city

2.2.1 Scope and objectives of calibration and validation
The urban region of Santander city has been selected for one use case, as demonstrated in
D4.2. The characteristics of the transport network representation that covers the urban region
of Santander city are:
• Size (km): 11.00 x 6.00
• Network type: Urban
• Number of Centroids: 117 (13689 OD pairs)
• Number of Detectors: 333, where 230 were used for the calibration and validation
• Number of sections: 4106
• Number of nodes: 1454
• Type of signal controllers: Fix
• Simulation time: AM peak (07:00-10:00h)
The calibration and validation of the network model at mesoscopic level was carried out
through the following three stages:
1. Demand adjustment at the macroscopic level to ensure validity of the static OD
demand representation and its distribution given in traffic assignment.
2. Calibration of the mesoscopic model with traffic counts from loop detector data.
3. Validation of the mesoscopic model with dynamic OD demand.
2.2.2

Data collection and application to calibrate and validate the network model

Major sources of data available in Santander for the network model development at the
mesoscopic level include the following:
• Loop detector data – Traffic observations are available for 230 individual traffic loop
detectors located along major streets across Santander. For each detector on the
network, traffic counts and occupancies are provided with 1 minute aggregation level
for an entire 24-hour period over 2016.
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Regional travel demand models – the Regional travel demand model was used to
obtain information about traffic flow patterns between defined origin and destination
zones. OD demand matrix produced by travel demand models were used as seed
matrices in Aimsun. These matrices were then subsequently manipulated to produce
flows better matching observed vehicle counts and to develop a series of 15-min OD
matrices capturing the observed changes in traffic patterns across a morning and
midday peak travel period.

Figure 1. Location of loop detectors (red dots) and signalized intersections (yellow dots) in Santander

•

Signal control plans – Signal control plans for signalized intersections were obtained
in the excel format from the agency responsible for the operation of the traffic control
devices in Santander. Additional features in Aimsun have been developed to allow
automatic import of the control plans. Manual checks were performed to ensure there
is a perfect match between provided and modelled control plans.
Aimsun uses “Real Data Sets” (RDS) to load observed data to be compared with simulation
outputs. A Real Data Set object should be included in the Aimsun model file and used during
calibration and validation process to identify where the model is close to calibration and where
there are still significant errors.
2.2.3

Calibration and validation methodology

2.2.3.1 Static OD demand adjustment at macroscopic simulation level
Additional adjustments of the OD demand matrices calibrated by the University of Cantabria
were made to obtain a better match with observed traffic counts across the network. These
adjustments were made using the Static OD adjustment tool available with the software. This
tool uses simulation to evaluate whether a given OD matrix results in link traffic counts
matching the observed. Where differences are found, incremental adjustments are made to
the OD flows until a reasonable match is found, a defined number of iterations are made, or
the process is stopped by the user. This process includes the ability to utilize GEH (Geoffrey
E. Havers) statistics as the primary criterion for developing OD flows. In this case, adjustments
were made to ensure that a GEH of less than 5 was obtained in at least 85% of the detectors
for the sum of all flows, individual link flows, and intersection turning counts. Figure 2
Deliverable 4.3
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demonstrates the obtained validation results between the simulation and the traffic counts
observations during the morning peak period of one hour (08:00 - 09:00 AM).

Figure 2. Correlation between the static model simulation and real data set for the morning peak hour (08:0009:00 AM)

Since available OD demand corresponds only to one-hour, further demand extensions have
been made to ensure all relevant traffic phenomena in Santander city are captured by network
model. For example, we are interested in to explore the mobility behaviour in the city before,
during and after the congestion to get better grasp on the impact of traffic management
decisions to resolve traffic phenomena in the network. Close examination of traffic count
observations from loop detectors showed that generation and attraction of traffic in the city
occurs in period between 07:00AM and 10:00AM.

45,000

TRAFFIC COUNTS

40,000
35,000
30,000
25,000
20,000
15,000
10,000
5,000
07:15 07:30 07:45 08:00 08:15 08:30 08:45 09:00 09:15 09:30 09:45 10:00
TIME INTERVAL
Figure 3. Global profile of traffic count data at all detectors in the morning peak period (07:00-10:00 AM)

Thus, we have extended the traffic demand over period of 3 hours by multiplying the provided
one-hour demand by factor 2.46. This demand scaling factor has been derived as a ratio of
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traffic counts per hour over all detectors in the network and traffic counts for peak period, as
follows:
𝐸𝑥𝑡𝑒𝑛𝑑𝑒𝑑 𝑂𝐷 𝑑𝑒𝑚𝑎𝑛𝑑 =

79222 + 156926 + 150213
= 2.46
156926

2.2.3.2 Departure OD demand adjustment at macroscopic simulation level
Static OD demand represents the constant value of OD demand for the whole period. This
limitation does not allow fluctuations of the demand through time, that is important in capturing
traffic phenomena in the network. The 3-hour static OD demand from the previous step is
therefore adjusted into shorter intervals over the time period, i.e. 15 min time intervals, as
presented in Figure 4. The objective of departure OD demand adjustment is to reproduce the
observed traffic counts specified in the real data set (RDS) per interval, staying as close as
possible to the original number of OD pair trips for the whole period. It uses the calculated
fixed paths and travel times to calculate the new dynamic OD matrices.

Figure 4. Departure OD demand adjustment at macroscopic simulation level
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A number of statistical measures can be employed to evaluate the performance of departure
OD demand adjustment, measuring the estimated outputs. Root mean square error (RMSE)
and R-squared (R2) are used to quantify the deviation between measured and estimated traffic
counts. Figure 5 demonstrates the obtained calibration results between the simulation and the
traffic counts observations during the morning peak period of three hours (7am to 10am). The
45° line represents the state where model counts and field measurements perfectly match for
each link. The initial values were far from the 45° line, especially for higher traffic counts. After
the demand departure adjustment, the counts were improved for all the links and the model
represents traffic counts observations with more accuracy.

Figure 5. Correlation between the static model simulation and real data set for the morning peak period (07:0010:00 AM)

2.2.3.3 Mesoscopic stochastic route choice simulation
Mesoscopic stochastic route choice simulation represents third step in the network model
calibration and validation process. The objective of this step is to identify where the problems
occur in the network (queues, non-optimal lane distribution or artificial congestions) and try to
find a solution for each identified problem. This is an iterative process of calibration that can
be stopped once the network obtained with all the changes made can reproduce the traffic
demand profile. Mesoscopic simulation process uses the route choice set and the dynamic
OD matrices created with the departure adjustment step.
The GEH statistics are used to demonstrate initial match between traffic flows within the
network model at mesoscopic level to be calibrated with profiled OD demand and route choice
set derived at the macroscopic level. The geographical distribution of the GEH values is
visualized and presented in Figure 6. It is worth noting that GEH values higher than 10 are
observed at sections that are directly connected to the centroids, which implies sudden drops
of traffic counts at detectors. The current position of the connectors in the model is adopted
from the strategic model. Further investigation and optimization of centroid locations are taken
to ensure lower GEH values and overall network model performance close to reality.
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Figure 6. GEH parameter values prior route choice calibration in the dynamic model for the morning peak period
(07:00-10:00 AM).

Further, a mesoscopic Dynamic User Equilibrium (DUE) algorithm is performed to model
equilibrium conditions in the route choice and network performance. This equilibrium is
reached for each origin-destination pair when all routes that are used by the drivers have equal
cost (i.e., travel time) and there is no unused route with lower travel time. Mesoscopic
simulation refers to simulate the movement of aggregate vehicles based on simplified carfollowing and lane-changing models as discussed in D4.1. These models are effective in
evaluating heavily congested conditions, complex geometric configurations, and system-level
impacts of proposed transportation improvements that are beyond the limitations of other tool
types. As such, mesoscopic models provide less fidelity than microsimulation tools, but are
superior to the typical planning analysis techniques.
2.2.3.4 Mesoscopic dynamic user equilibrium simulation
The subsequent step of the calibration process is to run a mesoscopic DUE simulation using
the route choice set derived in the second step (route choice set derived with static demand)
and the network with the changes in the previous step as a start point to obtain the dynamic
user equilibrium routes with the lowest relative gap. This calibration step generates a new,
calibrated route choice set file, where the effect of traffic dynamics is accounted via dynamic
demand and supply parameters. The results of this simulation need to be evaluated with the
Real Data Set (RDS) to validate if the calibrated network model match the real traffic
observations. Correlation coefficient, R-squared (R2), is used to quantify the deviation between
observed and simulated traffic counts. Figure 7 demonstrates the obtained validation results
between the simulation and the traffic counts observations during the morning peak period of
three hours (07:00 - 10:00 AM). A correlation coefficient of 1 given in red line shows a perfect
and direct relationship, while a correlation coefficient of 0.915 denoted with black line, shows
obtained validation results. Since a coefficient of correlation of 0.85 is considered acceptable
for model calibration, calibrated model is validated.
Deliverable 4.3
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Figure 7. Correlation between the dynamic model simulation and real data set for the morning peak period
(07:00-10:00 AM)

Further efforts will include validation with other traffic data type to ensure consistent model
behaviour with reality over workdays and weekends. Progress reached in the model
calibration at dynamic level with calibrated route choice set is visualized by spatial distribution
of the GEH statistics in Figure 8. Table 1 shows significant improvement in the modal
performance resulting in a model that correctly steers vehicles to use the available routes with
equal travel times (e.g., highways to reach distant destinations and to stay on arterial roads to
reach zones that are close by their trip destinations).
Table 1. Comparison of the validation performance indicators prior and after route choice calibration in the model.

Scenario
Dynamic model with
macro routes
Dynamic model with
DUE routes
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R-Sq.

Slope

GEH < 5

GEH < 10

0.853

0.920

54.12%

79.41%

0.915

1.067

71.05%

85.53%
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Figure 8. GEH parameter values after route choice calibration in the dynamic model for the morning peak period
(07:00-10:00 AM).

2.3

Calibration and validation for Birmingham city

2.3.1 Scope and objectives of calibration and validation
The city centre and area moving out towards the airport and exhibition centre to the east has
been selected for the use case in consultation with the city representative project partner, as
demonstrated in D4.2. Primary data has been provided by two project partners Birmingham
City Council (BCC) and The Floow. The characteristics of the transport network representation
are:
• Size bounding box (km): 15.00 x 5.00
• Network type: Urban
• Number of Centroids: 307 (93942 OD pairs – currently 20420 active from initial OD)
• Number of Detectors: Floow detection points 9692, BCC detectors 57, DfT detectors
119
• Number of sections: 21606
• Number of nodes: 8054
• Type of signal controllers: Actuated with average times based on floating car data
changing on hour by hour basis
• Simulation periods: AM (06:00-10:00), Interpeak (10:00-16:00), PM (16:00-20:00)
The new calibration and validation methodology of the Birmingham network model has been
developed. This methodology differs from the more common calibration and validation
practice, as used in Santander use case, since only open and new data sources have been
used to developed the network model. The calibration and validation of the Birmingham
network model was carried out through the following four stages:
1. Traffic flow data fusion, calibration and validation to ensure validity of the traffic data
collected from multiple data sources and its distribution given in traffic assignment;
Deliverable 4.3
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2. Traffic control plans calibration and validation with traffic flow and open street data;
3. Demand adjustment at the macroscopic level to ensure validity of the static OD
demand representation;
4. Validation of the dynamic model with traffic counts from loop and Floow data.
2.3.2 Data collection and application to calibrate and validate the network model
The model has been built on available data as follows:
• Open data:
o OpenStreetMap snapshot from November 2016. BCC are actively involved in
updating the OpenStreetMap model so this approach is valid for any future
model activities. Relevant data contains but is not limited to:
§ Road Sections
§ Road intersections
§ Location of traffic signals
§ Identification of roundabouts
§ Identification of priority markers
o LSOA zones maintained by UK Office of National Statistics used
o Public Transport Stops and Public Transport Lines from UK’s NaPTAN and
TransXChange databases
o Average Annual Daily Traffic for various locations as supplied by the UK DfT.
• Data supplied by project partner BCC and associated agencies:
o Historic detector data (flow and speed) for various sites within area of interest
o Locations of certain traffic signals and timings from existing strategic model
o Locations of certain traffic equipment within area of interest
• Data supplied by project partner The Floow
o Daily flow along network segments within bounding box covering model area
o Hourly speed data along segments within bounding box covering model area
o Daily Origin Destination matrix based on LSOAs in model area
2.3.3 Calibration and validation methodology
Key to the macroscopic network are estimations of travel times along links or through
intersections based on the traffic assigned to these elements, normally in relation to a stated
capacity for these links and (turns within these) intersections. Such information is not provided
within the Open Street Map network, although a road hierarchy is, along with indicated
maximum speed and number of lanes. Based on this information, section capacities and both
free-flow and at capacity speeds were estimated based on DMRB values for similar roadways,
along with geometric information. In the absence of more detailed flow curves, BPR curves
were used.
Many priority intersection settings could be set from explicit labelling in the OSM data source
(segments identified as being roundabouts, or give way sign locations), or deduced from
differences in geometry and road class. While such a process was automated, many locations
required further investigation (from aerial photography, or services such as google street
view). Traffic signal settings will be presented later.
The network itself needed most manual modification around some of the more complex
intersections, where lanes and turning lane availability was not explicit, or where excessive
network elements were created in order to match the OSM description.
Additional fields of interest were identified in the OSM network description, and these were
imported as a post process to improve the network representation. These included particular
classes of service roads which for the current work are closed to modelled traffic (such as
parking areas), information on banned turns, as well as location and identification of traffic
signal equipment.
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2.3.3.1 Traffic flow data calibration and validation
The principle data source of interest for providing correct demand on the network, at least
when working at macroscopic level, is count or flow data, for certain locations within the
network. Detection locations, shown in Figure 9 and Figure 10 (DfT and BCC detection
locations, and Floow segments), were matched to the network automatically, although some
clean-up was required, based on analysing difference in flow between neighbour detection
points, or general disagreement between flow and expected network capacity.

Figure 9. BCC detector locations – more data is available towards the city centre (west)

Flow data for periods smaller than daily averages was available from BCC historic data,
however detection points did not cover the entire network. Additionally, the flow data provided
had not been verified, however it was expected that the general shape of data would be correct
– that peaks and troughs would reflect the general shape of traffic flow over each detector.

Figure 10. DfT detector locations – values are blue and green denoting recorded flow is always below estimated
capacity

DfT AADT flow data was available for several locations within the network. It was expected
that confidence in these values would be high, although the whole network was not covered.
Conversely, the Floow data was available for most of the major road segments in the network,
as presented in Figure 11. However, flow data available on all these segments represent a
daily average flow.
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Figure 11. Floow segment locations for more important road classes. Reds show locations where flow is shown to
be above estimated capacity for the link.

Further validation of the available data provided by The Floow reveal that the flow values
themselves were also unverified. A first comparison was made of Floow data with DfT count
data over 24 hours, as presented in Figure 12. It shows that typically traffic flow values
obtained from DfT were below traffic flow values obtained from Floow. Thus, all their traffic
flow data was divided by a fixed, scalar value set to 1.4 to bring data in line with DfT data in
the model.

2

Figure 12. R statistics for Floow and DfT traffic counts.

Given the various sources of data, decision was made to attempt to fuse data sources for the
Birmingham network model build. The workflow of developed methodology for data fusion that
will enable adjustment of Floow and DfT traffic count data in-line with direct traffic observations
is shown in Figure 13.
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Figure 13. Data fusion workflow

BCC historical data was used to profile Floow and DfT data. Each daily traffic flow profile was
shaped by traffic flow values from BCC detectors weighted according to network distance and
orientation, with the expectation that this would capture not only the general traffic weight in
the area, but also the tidal flow nature of traffic coming into and out of the city during the day.
Figure 14 shows that mean traffic flow for Floow and BCC traffic detection locations are similar.
Traffic flow data for DfT detectors are generally higher and expected to be due to their
locations on strategic roads with higher flows. General shape of data is nearly similar.

Figure 14. Comparison of mean BCC flow data with shaped Floow and DfT flow data for all the locations.
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Figure 15. Two detectors located on opposite carriageways – the inbound detector shows higher flow in the
morning, the outbound higher flow in the evening.

2.3.3.2 Traffic control plans calibration and validation
Traffic flow data fusion, calibration and validation has added a general shape to the data,
which is required for building a profiled demand, but also to provide estimated traffic signal
settings.
Traffic signal timing information was initially provided from values present in the existing
strategic model, in the form of intersection locations, along with a mix of average or max phase
timings, and for city centre locations as a text description of signal movements present in each
phase. After several matching processes, it was clear that many sites indicated in the OSM
data sources were not included (due to importance of geographic coverage), that descriptions
did not match the current network (possibly due to significant changes in the network since
the strategic model was built). While it was possible to obtain original data sheets for further
sites, whose information was coded into the model, no data was available for average timings
to be used. For close intersections, average timings also cause problems where lack of timing
offset information between sites causes intersections to lock up, or perform below capacity.
An approach was required to make use of the data available to build a traffic control plans.
Within Aimsun a feature is available to build an invented control plan based on model assigned
volumes. This feature was accessed via scripting and modified to use the profiled Floow traffic
data with some assumptions on turning volumes. This data was used to produce actuated
control plans, where timings are allowed to an extent to reflect current demand on the
intersection. This would provide behaviour which might be closer to that provided by an
adaptive control system such as SCOOT. Where specific information is available for an
intersection, this may always be over-layered in the model, so use of this approach does not
exclude use of more detailed timing information should it become available. We also note that
using the same synthetic source of data for building traffic signal information and traffic
demand data might be reinforcing a bad model.
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2.3.3.3 Traffic demand calibration
Traffic demand is supplied to the model from centroids described by LSOA zones presented
in Figure 16. Static demand data for 24-hour period used in the model is obtained from the
The Floow. Temporal distribution of traffic demand was estimated using traffic flow data from
Floow to ensure high network coverage and to provide better agreement with values used for
traffic signal timings for each hour from 6am to 8pm based on the original 24-hour demand
matrix.

Figure 16. LSOA zones and centroids location in Birmingham network model in Aimsun.

Figure 17. Daily profile of traffic demand: Grey bars show demand profile, while blue line shows real count data
profile.
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2.3.4

Validation of traffic network model in Birmingham

Typical statistical metrics determining the goodness-of-fit of the the differences between
observed and simulated outputs can be used such as the linear regression model. Figure 18
illustrates how observed and calibrated traffic flow data are compared, using R-squared
statistics and the geographical distribution of the GEH values (where best match is shown by
green dots - good fit and unacceptable match is shown by purple dots - unacceptable lower
values).

07:00-08:00

08:00-09:00

16:00-17:00

17:00-18:00

Figure 18. Comparison of simulated static model versus Floow traffic flow data for peak hours.
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It is clear that further calibration of the dynamic model is required to improve the model
performance in the use case areas with unacceptable lower values. Points shown as
unacceptable lower tend to coincide with areas where to reproduce flows it may be necessary
to break down to smaller zones. This can be seen not only in the city centre, but also to the
south east of the model where several major boundary entrances/exits are associated with a
single large LSOA. This breakdown is for further discussion with Floow and use case leaders.

2.4

Discussion

Calibration involves the adjustment of network model parameters to allow the replication of
observed, real-world operational conditions as closely as possible. This is a necessary step
as no simulation network model can be expected to model all traffic conditions with equal
accuracy. It can be particularly time demanding since it may involve the review and adjustment
of a large set of parameters, each of which can potentially impact the simulating results in a
manner highly correlated with other parameters.
Calibration typically starts with a model that reasonably replicates the existing network
geometry and an OD demand that have been estimated from observed traffic counts or
obtained from regional travel demand models. Various model’s parameters are then adjusted
to bring the simulated behavior and network performance as close as possible to reality. SETA
project provided us an opportunity to extend a calibration and validation methodology by using
various data sources. For example, Birmingham network model has been developed,
calibrated and validated with open data sources (e.g. open street data, BCC open traffic data,
Floow data). Although this process is more time consuming, compared to more common
calibration and validation practice used in Santander network model development, we have
shown that open data sources are valuable inputs to build network models.
Ideally, the network simulation models that have been developed as part of the SETA project
should be further maintained for more specific mobility management decisions. In the second
phase of SETA project, we will extend data set for model’s validation using data that capture
traffic dynamics, such as link travel times, speeds, and queues statistics derived from
developed SETA technologies. This would allow the time and resources that have been
dedicated to the development of these models in Phase 1 to contribute to use cases. Model
maintenance would not only allow developed network models to be applied towards other
WP’s objectives, but also allow the knowledge that was developed regarding the development
and use of modelling tools to be better retained with decision makers in each use case.

3 Evaluation of data-driven network-wide traffic
predictions
3.1

Application of the methodology in the use cases

This section illustrates the application of the developed network-wide vehicle traffic prediction
method presented in D4.2 in the use case of Santander, Turin and Birmingham. Furthermore,
a more elaborate sensitivity analysis is presented on the Santander use case to estimate the
optimal model parameters.
3.1.1 Summary table
First, we compare the three use cases based on their network size, data availability, and
computation time as presented in Table 2. This is important in order to assess the viability of
using this method for real time or online analysis, especially the network size and computation
time. Data availability is also an important factor to assess the robustness of the prediction.
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More data is needed for validation if the method works in different scenarios such as nonrecurrent incidents. The data aggregation also effects the prediction horizon and for a more
proactive prediction, a lower aggregation level is desired. The built-in computation time is the
one-time computation required to build the 3D model (described in D4.2) and the prediction
time is the time to match the current traffic state to the model and make the travel time
prediction for all the routes. Note that the built-in time can be greatly reduced by employing
parallel computing, GPU capabilities and thorough optimization. For this work, the model was
built on a 64-bit windows machine with 3.50GHz processor with no GPU.
Table 2. Overview of the network and data characteristics per use case.

USECASES à
(Links, Nodes)
Network
Representation

Santander
(4106, 1954)

Turin
(14883, 7998)

Birmingham
(4696, 3762)

Number of Detectors
Data Aggregation
Used
Data Availability

333
15 mins (5 mins is
available)
366 days of data (2016)

1334
5 mins

57
5 mins

85 days of data (2017)

367 days
(2016)

≈ 49 hours
≈ 8 seconds

≈ 1134 hours
≈ 108 seconds

≈ 178 hours
≈ 59 seconds

of

data

Example of 3D Maps
(colour represent the
speed of the link)

Example of 3D
Zones
(colour represent the
clusters)

Built-in Time
Prediction Time

3.1.2

Results per use case

The results of the travel time prediction based on 3D zones is presented here for the three
use cases. For all the uses cases, one month of data was considered as the test data and the
rest used for training the model. For validating the models, n paths are randomly generated in
the area where there are most detectors (as they will have more dynamic data). The ground
truth is the naïve estimated traffic speeds and we have also compared our results against
travel time computed using the static speed limit of the routes.
3.1.2.1 Santander
For Santander, 11 months of data was used to train the model and 1 month of data was used
to test the data. The month of April, 2016 was used as the test data. In order to validate the
travel time accuracy, 14 paths were randomly selected. Figure 19 shows the 14 routes and an
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example of the results from the observed ground truth, the travel time estimated using our
consensus method, and the naïve estimation using the speed limits.

a)

b)
Figure 19 a) and b). Routes in Santander for Validation. The colors in the map are used to visualize the different
routes. The bar plot visualizes the travel time estimated in one case for the 14 routes from the ground truth (blue),
naïve estimation using the speed limit (green) and estimation using the consensus method (yellow).

The mean absolute percentage error (MAPE) and root-mean squared error (RMSE) of the
naïve speed limit estimated and estimated using the consensus table against the ground truth,
shows an improvement of more than 50% with our method. Figure 20 shows the MAPE and
RMSE result of the 14 routes for 30 days.
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Figure 20: MAPE and RMSE of the travel time of the 14 routes respectively. The orange plot is the result of the
naïve estimation, and the blue one is the result of the estimation using consensus method. The MAPE results
shows that % travel time error in relation to the original travel time whereas the RMSE shows the absolute travel
time error. It is clear that the proposed method outperforms the naïve method.

In order to assess the performance of the method in predicting travel time in both congested
and free flow conditions the validation study on the dataset was performed separately. The
results show that for the congested period, the method has an average travel time error of
0.25 minutes whereas for free flow, it has approximately 0.5 minutes for the consensus
method. The method seems to be able to encompass the congestion dynamics slightly better
than the free flow condition. This is acceptable as it is more important to have better
predictions in case of an incident or traffic jam. Figure 21 shows a more detailed error
distribution of each of the routes for the test days.

(a) Free flow travel time error

(b) Congested travel time error

Figure 21: Free flow and congested travel time error respectively for Santander case study

3.1.2.2 Turin
For use case in Turin metropolitan area, 2 months of data were used to train the model and 1
month of data was used to test the data. The month of January 2017, was used as the test
data. In order to validate the travel time accuracy, 15 routes were randomly selected. Figure
22 shows the 15 routes and an example of the results from the observed ground truth, the
naïve estimation using the speed limits and the travel time estimated using our consensus
method.
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a)

b)
Figure 22 a) and b). Routes in Turin for Validation

The results show the method has an average travel time error of approximately 0.5 minutes
for both free flow and the congested period. The method has an MAPE of approximately 3%
whereas the naïve estimation has an average MAPE of 9% leading to more than 60%
improvement. An important point to be noted is that Turin has relatively larger routes than the
other two case studies. Figure 23 shows a more detailed error distribution of each of the routes
for the test days.
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a) Free flow travel time error

b) Congested travel time error

Figure 23: Free flow and congested travel time error respectively for Turin metropolitan area case study

3.1.2.3 Birmingham
For use case in Birmingham city, 11 months of data was used to train the model and 1 month
of data was used to test the data. The month of January 2016, was used as the test data. In
order to validate the travel time accuracy, 15 routes were randomly selected.
Figure 24 a) and b) shows the 15 routes and an example of the results from the observed
ground truth, the travel time estimated using our consensus method and the naïve estimation
using the speed limits.

a)
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b)
Figure 24 a) and b). Routes in Birmingham use case for validation

The results show that for congested period, the method has an average travel time error of
0.05 minutes whereas for free flow, it has approximately 0.25 minutes travel time error. The
consensus method has a MAPE of approximately 15% whereas the naïve estimation has an
average MAPE of 70% leading to more than 78% improvement. Figure 25 shows a more
detailed error distribution of each route for the test days.

(a) Free flow travel time error

(b) Congested travel time error

Figure 25: Free flow and congested travel time error respectively for Birmingham use case

A breakdown of the travel time prediction results from the three use cases is discussed in
section 3.4.
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User feedback from use cases

A questionnaire was sent to project representative of each of the use cases to explain the
concept of 3D zones and attempt to validate some of the findings from the research. The use
cases were also asked to provide their thoughts on some other applications of the
methodology. A sample of the questionnaire is attached with this document.
One of the common feedbacks received is that the visualization of the 3D zones is too complex
for interpretation. There is no easy solution to this due to the sheer volume of the data however
one suggestion has been to show fewer time slices and annotate the maps with more details.
A potential solution is an interactive 3D environment that the end user can interact with, which
requires further research to access its viability.
A key question is if this approach is usable in solving existing problems and feedback has
revealed that this may be used for the creation of air quality zones, using the zones to identify
‘particularly’ bad days, etc.
In order to allow the validation of the travel time for the congested and free flow periods, formal
identification of observed congested periods was also requested with Santander showing a
morning peak of 8 to 10 AM and an afternoon of 1 to 3 PM, while Turin has a morning peak of
7.30 to 8.30 AM and an afternoon peak of 5 to 6 PM and Birmingham 7.30 to 8.30 AM and
4.30 to 6 PM.

3.3

Sensitivity analysis

Using the method described in D4.2 the various parameters used in creating these zones and
classes which are important for the prediction accuracy have been investigated. In this section,
we discuss some of the important parameters that could be interesting to the cities and how
their choice affects the prediction accuracy. The data from Santander is used for the sensitivity
analysis. 11 months of data are used to train the model and the data from the month of April
2016 is used for the sensitivity analysis.
3.3.1

Number of zones

The number of zones is an important parameter for the city. It helps to understand how many
zones are required for a given city to represent the traffic dynamics completely using the data.
Zones should minimise intra-cluster variance (variance within the zones (TVn)) and maximizes
inter-cluster variance with other clusters (variance between the zones (CCD)). The
computational time for generating these zones are also considered as an implementation
measure. The other two measures are weighted more, as they measure the quality of the
clusters.
Figure 26 shows that as the number of clusters or zones increases, the criteria for zones
steadily increases as well but the interpretability of the 3D network becomes harder. So, it is
important to choose a reasonable number of zones. From the figure, it is evident that the
improvements to CCD values tends to slightly reduce when the number of clusters exceeds 5
and the TVn improves more when it exceeds 16 but the changes were not really significant.
Therefore, greater than 5 appears to be a reasonable choice. We chose 10 arbitrarily as the
number of zones (5 zones were too less and 16 were too many).
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Figure 26: Sensitivity analysis of the number of zones. Three performance measures and a combined metrics were
used to decide the number of zones for the use cases – TVn, CCD, computation time and the combined metric,
CMn respectively. In the CMn plot, the three measures are normalized and visualized together.

3.3.2

Number of classes

Days have been clustered into m number of classes to reduce the dimensionality as explained
in D4.2. The result of the sensitivity analysis of the number of classes is given in Figure 27.
From the figure, it is evident that there is not much variance in the error time for the number
of classes. Thus, the prediction is not sensitive to the number of classes. The variance in the
error time is lowest for 7 classes and this has been chosen as the number of classes for all
the cities.

Figure 27: Sensitivity analysis of the number of classes
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3.3.3

Data availability

To fully describe a zone, not all the detectors in the zone need to be working or available. The
data availability sensitivity analysis aims to understand how many % of the detectors needs
to be working to provide similar results to the full coverage. This will help the cities in estimating
which are the locations that need to be monitored and which are the ones that are redundant.
For this, n% of the detectors were randomly removed and the prediction accuracy estimated.
Since randomly removing n% of the detectors does not provide robust outputs, it was
estimated how many random iterations are needed to capture the variance using the following
Equation (1):
9 : .;

𝑁 𝑚 =

<=>,

(>=A)
C

F

D : .E

(1)

where
• 𝑁 𝑚 is the number of replications required given m initial run (chosen as 10).
• 𝑋 𝑚 and 𝑆 𝑚 is the mean and standard deviation from a sample of m simulation runs
respectively. In our case, this is the mean and standard deviation of the travel time
error of the 14 routes for 30 days of Santander.
• 𝜖 is the allowable percentage error of 𝑋 𝑚 , set as 0.05.
• 𝛼 is the level of significance, set as 0.05.
• 𝑡:KL,(>=A) is the critical confidence interval.
C

For 10 random iterations 𝑁 10 is 2.98, which leads to a random removal of n% detectors 3
times for the sensitivity analysis. Because of the high computational time, we only removed
25%, 50% and 75% detectors.
.

Figure 28:Sensitivity analysis of data availability

Figure 28 shows the result of the sensitivity analysis of the travel time error % against the data
availability. It is evident that removing the detectors does not affect the performance measure
significantly. This was expected for Santander as the prediction only performed 50% better
than the naïve estimation. This can be because, either most of the city does not experience
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congestion too often or the sensors do not cover the congested region and hence no ground
truth for those locations. This sensitivity analysis can provide guidance for the cities to where
to broaden the coverage of their monitoring region or under-represent some regions of the city
depending on their desired error margin. For example, for Santander just having 25% of the
detectors can already provide similar error margin as the current coverage. It would be more
helpful to redistribute the other 75% of the detectors to other parts of the network for better
coverage.

3.4

Discussion

The technical details of travel time prediction using 3D zones have already been detailed in
D4.2 and here, we have presented the results of the methodology for the three use cases.
This section summarizes the findings of this study. A thorough sensitivity analysis on one of
the use cases has also been performed to inform the design choices of the methodology.
The three use cases provided more than 50% improvement compared to the naïve predictor.
Birmingham provided the best results with more than 78% improvement. However, the
Birmingham network is small compared to Turin in complexity and had more data and hence,
is not comparable. Turin was better out of the three use cases because, even though only
three months of data was used for building the model, the coverage and quality of data was
sufficient to understand the city dynamics and provide reasonable results. Santander lacked
proper coverage of the city even though there was more data quantity.
The performance of the method in free-flow and congested condition were also tested and
proven. In most of the cases, the method performs better in the congestion period than the
free flow though difference in performance is marginal. The method was also tested for both
long and short routes. The MAPE(%) error for both the long and short routes are comparable,
thus ensuring that the travel time prediction at the link-level is accurate and the route travel
time accuracy is not due to additive errors.
From the sensitivity analysis, it is clear that choosing the number of zones is an issue of
pragmatism rather than a qualitative choice, as the trend of performance improvement is a
slight monotonous ascent. This is the same for the sensitivity of the method to the number of
classes. However, this highly depends on the variances in the data and clearly, Santander is
not a network with a lot of variation in its traffic dynamics. Thus, it is less conclusive for the
other cities regarding this parameter.
One of the key findings of the study is that quality and coverage of the data is more important
than the quantity of the data. It is important to identify critical points of the city and redistribute
the sensors/ install new sensors/ get new data sources for these locations to monitor the city
better. For Santander, it is more important to monitor the critical points in the city that are
congested rather than monitoring the locations where naïve prediction based on speed limit
is sufficient. For Turin, the next step would be to test and improve the model with more data
in order to assess if the model captures the seasonal traffic dynamics as well. More coverage
in Birmingham can help in capturing the network dynamics.
Some of the future developments will focus on using better quality data through fusion or new
data sources and also using more sophisticated traffic estimates from WP3 for the ground
truth data. Further effort will also be put into optimizing the built-in time better. The application
is real-time ready as the computation time for on-the-fly prediction is much less than the
aggregation level at which the data is collected, however the built-in time can be improved to
iterate the model faster.
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4 Evaluation of data-driven local traffic predictions
4.1

Application of the methodology in the use cases

This section illustrates the application of the developed methodology to predict vehicle traffic
at detection points in the network, as presented in D4.2, in the use case of Santander, Turin
and Birmingham. The Santander use case has been selected for elaborate sensitivity analysis
of the proposed methodology.
4.1.1

Summary table

Table 3 represents the summary of the key network elements and data used to evaluate a
data-driven local traffic prediction for use cases in Santander, Turin and Birmingham. This is
important in order to assess the viability of using this method for real-time or online analysis,
especially the network size and data granularity. Data availability is also an important factor
to assess the robustness of the prediction. More data is needed for validation if the method
works in different scenarios such as non-recurrent incidents. The data aggregation also effects
the prediction horizon and for a more proactive prediction, a lower aggregation level is desired.
Table 3. Overview of the network and data characteristics per use case for local traffic prediction.

USECASES à
(Links, Nodes)
Network
Representation

Santander
(4106, 1954)

Turin
(14883, 7998)

Birmingham
(4696, 3762)

No. of detectors
No. of detectors
after preprocessing
Data
aggregation
Data availability

333

1334

57

234

364

57

15 mins

15 mins

15 mins

366 days of data
2016-01-01 to 2016-12-31

85 days of data
2017-01-01 to 2017-03-26

Traffic volume (veh
counts)

Traffic volume (veh
counts)

366 days of data
2016-01-01 to 2016-1231
Traffic volume (veh
counts)

60 mins

60 mins

60 mins

Forecasting
output
Forecasting
horizon
Inputs
considered

Weekday, Time of the
Weekday, Time of the
day, Season, Traffic flows, day, Season, Traffic flows,
occupancies and speeds
and speeds

Weekday, Time of the
day, Season, Traffic
flows

Example of
detectors
location

CPU for learning
process
Prediction time
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Learning and simulation time corresponds to the process where the system is gathering and
processing data, train the models and mimic a real-time scenario for the dataset time span. In
addition, during this learning and simulation process several big log files were recorded to
hard disk for post-evaluation purpose. Prediction time corresponds to a new single (full
network) outcome prediction without modifying the system. For this work, the model was built
on a 64-bit windows machine, Intel Core i7-6700K with 4.00GHz processor and parallelized
at detector level using 8 CPU cores.
4.1.2

Results per use case

As described in D4.2, a rule is a set of antecedents with those attributes and values that
provide the greatest predictive power and explainability. Within the SETA project, rules are
constructed in the real-time, establishing a decision-tree structure that can be dynamically
changed over time. The antecedents that can be considered for each rule are based on the
inputs considered for each case, which are summarized in the Table 3.
Since we explore the applicability of local vehicle traffic prediction in a real-time scenario, a
time component must be set in order to use the new collected data to update system
knowledge, statistics, parameters and the rules. Thus, the developed method treats data as
continuous incoming data flow in real-time in contrast to more conventional machine learning
methods that rely on a data split in training and validation sets. A virtual buffer whose size
corresponds to one-week data has been selected as a trade-off decision between
computational cost and react-timing to mimic the real-time conditions. In this way traffic
observations are collected in a virtual buffer for one week and eventually fed into the learning
process of the developed method.
This section will demonstrate that the most attractive part from the proposed approach is the
ability to lower the error over time with more collected data, and to adapt itself to changes in
the network supply or demand.
4.1.2.1 Santander: Prediction rules and overall prediction results

Figure 29. Loop detector location in Santander city.
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The average number of discovered rules per location after processing all the available data is
20; while the maximum number of rules found for any location is 37. Note that these numbers
are just initial indicators for the further work, because the framework intention is to evolve as
more data is collected and adjust to distributional changes (supply or demand), so this
decision-tree structure and the number of rules could change at any time point if the system
considers a better decision can be made. More details on this can be found in D4.2.

Figure 30. 60-min traffic volume prediction error for Santander city

The prediction results for the whole city of Santander are presented in Figure 30, where the
Mean Absolute Percentage Error (MAPE [%]) is aggregated in weekly intervals over study
period with a “cold start”, i.e. no learning at all, and aggregated using the full set of 234 detector
locations. Figure 30 includes the interquartile-range [25% to 75%] and the mean for weekly
aggregates which shows clearly shows significant reduction of the relative error over time as
more data are received until it reaches a steady state.
The performance of the traffic prediction over the whole-time span, i.e.1 year, and for all the
detector locations is evaluated for key statistical measures as given in Table 4. Results
indicate that the 50% of the predictions made for 60 minutes ahead have a forecasting error
lower than 16.9%, which is promising taking into account that MAPE during the off-peak period
in the night may be small in absolute terms but with higher relative contribution.
Table 4. Traffic prediction reliability in Santander: statistical performance indicators

Min
0.0

1st Qu.
7.2

Median
16.9

Mean
28.7

3rd Qu.
38.1

Max.
100.0

4.1.2.2 Turin: Prediction rules and overall prediction results
The average number of discovered rules per location after processing all the available data is
7; while the maximum number of rules found for any location is 10. Note that these numbers
are just initial indicators for the further work, because the framework intention is to evolve as
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more data is collected and adapt to distributional changes (supply or demand), so this
decision-tree structure and the number of rules could change at any time-point if the system
considers a better decision can be made.

Figure 31. Loop detector location in Turin metropolitan area.

The prediction results for the Turin metropolitan area are presented in Figure 32 , where the
Mean Absolute Percentage Error (MAPE [%]) is aggregated in weekly intervals over study
period with a “cold start”. Cold start refers to no learning at all scenario and aggregated data
using the full set of 364 detector locations. Although there were 1334 detectors available in
this area, only 364 have been found to satisfy the minimum pre-processing requirements.
Figure 32 includes the interquartile-range [25% to 75%] and the mean for weekly aggregates
which clearly shows significant reduction of the relative error over time as more data are
received until it reaches a steady state.

Figure 32. 60-min traffic volume prediction error for Turin metropolitan area.
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It is interesting to observe that the error distribution increased in the last week of the
experimentation dataset. This effect can be explained by the re-adaptation stage of the ruleset
tree structure in this period. It is important to remark that this a very small dataset (3 months)
and conclusions should be considered with caution.
The performance of the traffic prediction over the whole-time span, i.e. 3 months, and for all
detector location is evaluated for key statistical measures as given in Table 5. Results indicate
that the 50% of the predictions made for 60 minutes ahead have a forecasting error lower than
16.61%, which is promising taking into account that MAPE during the off-peak period in the
night maybe small in absolute terms but with higher relative contribution.
Table 5. Traffic prediction reliability in Turin metropolitan area: statistical performance indicators

Min
2.22044e-14

1st Qu.
7.30169

Median
16.61875

Mean
27.63438

3rd Qu.
36.51235

Max.
100.0

4.1.2.3 Birmingham: Prediction rules and overall prediction results
The average number of discovered rules per location after processing all the available data is
10; while the maximum number of rules found for any location is 25. Note that these numbers
are just initial indicators for the further work, because the framework intention is to evolve as
more data is collected and adapt to distributional changes (supply or demand), so this
decision-tree structure and the number of rules could change at any time-point if the system
considers a better decision can be made.

Figure 33. Loop detector location in Birmingham city.

The prediction results for the whole city of Birmingham are presented in Figure 34, where the
Mean Absolute Percentage Error (MAPE [%]) is aggregated in weekly intervals over study
period with a “cold start”, i.e. no learning at all, and aggregated using the full set of 57 detector
locations. Figure 34 includes the interquartile-range [25% to 75%] and the mean for weekly
aggregates which clearly shows significant reduction of the relative error over time as more
data are received until it reaches a steady state.
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Figure 34. 60-min traffic volume prediction error for Birmingham.

The performance of the traffic prediction over the whole time span, i.e.1 year, and for all
detector locations is evaluated for key statistical measures as given in Table 6. Statistically it
means that the 50% of the predictions made for 60 minutes ahead have a forecasting error
lower than 17.18%, which is promising taking into account that MAPE during the off-peak
period in the night maybe small in absolute terms but with higher relative contribution.
Table 6. Traffic prediction reliability in Birmingham: statistical performance indicators.

Min
2.22044e-14

1st Qu.
7.33929

Median
17.18182

Mean
27.60527

3rd Qu.
36.04

Max.
100.0

A breakdown of the traffic prediction results from the three use cases is discussed in sections
4.3 and 4.4.

4.2

Sensitivity analysis

The Santander network has been chosen for the sensitivity analysis since traffic data are
available for the one year period, i.e. 2016, it contains more detection points than the
Birmingham network, and most importantly it contains observations of traffic volumes,
occupancies and speeds. The wide range of experiments have been designed as part of
sensitivity analysis. The sensitivity analysis has been focused on a main corridor in the
Santander network as shown in Figure 35.
In order to avoid and isolate spurious factors that may impact the results of the sensitivity
analysis of the developed method; the main corridor is selected for sensitivity analysis. Traffic
along this corridor and areas has a consistent traffic conditions over the whole year, as
indicated by the results in the Section 3 and feedback from the Santander use case leader.
The corridor consists of 31 detectors, 128 sections and 34 nodes.
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Figure 35. Main traffic corridor in Santander city.

4.2.1

Sensitivity analysis of the system update interval for automatic learning

The goal of the prediction model is to work in real-time, learning from more incoming data.
This new data has to be 'fed' into the prediction model at some time interval, e.g. it could be
set in the real-time after each chunk of data is received (i.e., in 1min, 5min, etc.) or it could be
set to each day, week, or month. In this study, we have evaluated the sensitivity of the traffic
prediction method for the following four automatic system updating time intervals:
1. 1 month,
2. 1 week,
3. 1 day,
4. real-time (i.e. equal to prediction horizon of 60 min).
These time instances refer to time intervals when the model proceeds with the learning and
updating the model status. When statistics are updated with new observations, the models’
parameters are updated if it’s the case, and rules are expanded or removed along with the
changes in the rulesets’ structure.
Figure 36 shows sensitivity analysis results of the developed local traffic prediction method on
the length of system update interval, where from far left the bars represent updating time
intervals: 1 month, 1 week, 1 day, real-time, for each monthly slot (i.e. from January to
December, 2016). Sensitivity results are presented as the error interquartile-range [25% to
75%] and the mean for monthly aggregates, as shown in Figure 36. Results indicate significant
reduction of the relative error over time as more data are received until it reaches a steady
state. Also, it can be observed that the left most bar in blue, which corresponds to the 1-month
virtual buffer, is slower in decreasing the prediction error compare to more frequent updating
time intervals.
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Figure 36. 60-min traffic volume prediction error for the main corridor in Santander.

The performance of the traffic prediction using data from 32 loop detectors over 1 year is
evaluated for key statistical measures as given in Table 7.
Table 7. Traffic prediction reliability for the main corridor in Santander: statistical performance indicators.

1
2
3
4

Experiment
ID
1 month
1 week
1 day
Real-time

Min (10-14)

1st Qu.

Median

Mean

3rd Qu.

Max.

2.22045
2.22045
2.22045
2.22045

7.38745
6.22601
5.98898
5.97794

17.28571
14.37244
13.76087
13.70913

30.04238
25.77954
24.96271
24.85796

40.59443
32.73567
31.20000
30.92480

100.0
100.0
100.0
100.0

Results are consistent with our initial expectations that the system will learn faster and produce
more reliable predictions when it is updated more frequently. However, it can be seen that a
real-time updating schema is not essential and weekly updates are sufficient to ensure
accurate predictions. Finally, it is important to remark that in the end, prediction results for all
four experiments will converge to the same solution and at some point, the differences
between them will be insignificant. This prediction behaviour holds unless that sudden
changes concerning the demand/supply relation are frequent and happening in a time span
less than the system automatic updates. However, we emphasize that the critical point in
selecting system update interval (virtual buffer) for automatic learning is to let the system
automatically react on distributional changes in the data.
4.2.2

Sensitivity analysis of the visibility scope for each local detection station

Traffic prediction at local detector is performed by using data collected from local detector and
other sensors in the network. The amount of data used from different sensors in the network
can have a strong impact on prediction results due to their correlations. For this reason, the
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performance of the local traffic prediction method is evaluated for various settings of spatial
distribution of sensors from the local one, here referred as visibility scope for each local
detector. The following eight experiments are defined to evaluate impact of spatial visibility
scope (in km) on local traffic predictions:
1. 0.25,
2. 0.5,
3. 1,
4. 2,
5. 3,
6. 4,
7. 5, and
8. the whole network scope,
Figure 37 shows sensitivity analysis results of the local traffic prediction method on spatial
visibility scope of local detectors, where bars within each monthly slot represent experiments
in consecutive order. Sensitivity results are presented as the error interquartile-range [25% to
75%] and the mean for monthly error aggregates, as shown in Figure 37. Results show that
relative prediction error decreases with the spatial increase of detectors involved in local traffic
prediction. Although prediction relative error decreases over time and reaches a steady state,
keeping narrow detection of traffic dynamics to local detector will have a higher impact on the
prediction error.

Figure 37. 60-min traffic volume prediction error for the main corridor in Santander.

The performance of the traffic prediction over the one year period in 2016, and for each defined
experiment is quantified and summarized for key statistical performance indicators in Table 8.
Results show that the best performance of the developed local traffic prediction method will
be achieved when method is set to automatically decide which spatial points are more relevant
for the predictive task instead of manually limiting the spatial visibility.
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Table 8. Traffic prediction reliability for the main corridor in Santander: statistical performance indicators

ExperimentID
Km025
Km050
Km1
Km2
Km3
Km4
Km5
Whole

1
2
3
4
5
6
7
8
4.2.3

Min (10-14)
2.22045
2.22045
2.22045
2.22045
2.22045
2.22045
2.22045
2.22045

1st Qu.
7.73991
7.29700
6.88416
6.51369
6.31492
6.19712
6.32554
6.22601

Median
17.85171
16.86830
15.92317
15.03571
14.59055
14.35497
14.63455
14.37244

Mean
30.00118
28.89230
27.86802
26.62940
26.11157
25.82217
26.25434
25.77954

3rd Qu.
40.79400
38.66504
36.79545
34.42114
33.36413
32.92857
33.61810
32.73567

Max.
100.0
100.0
100.0
100.0
100.0
100.0
100.0
100.0

Sensitivity analysis of change detection in data distribution

Since traffic is a non-stationary data generation process, being subject to changes in supply
or demand, it is necessary to have some mechanism to detect this kind of changes and adapt
the system to make better decisions. In the scope of the developed local traffic prediction
method, this could mean to change the decision-tree structure along with the associated
learned parameters. The algorithm adopted to identify the change detection in data distribution
is based on the Page-Hinkley testing algorithm. This testing algorithm contains several hyperparameters (gamma (γ) and lambda (λ)) that control the detection sensitivity and thus the false
alarm rate and the detection delay.
More specifically, gamma (γ) corresponds to the minimal absolute value of the amplitude of
the change to be detected and should be adjusted according to the standard deviation of the
target attribute. Larger deviations will require larger values for γ. On the other hand, large
values can produce larger delays in detection.
In the case of the hyper-parameter lambda (λ); it should have a larger value when γ has a
smaller value to reduce the number of false alarms. On the other hand, when γ has a larger
value, λ should have a smaller value to shorten the delays of change detection.
Local traffic prediction method normalizes input data with the aim to narrow hyper-parameter
search space. However, calibration of parameters that define search space plays an important
role in traffic prediction. The following hyper-parameters settings which include gamma (γ) and
lambda (λ) parameters are defined resulting in eight experiments. Each row corresponds to a
different experiment:
Experiment:
1

γ
0.005

λ
50

2
3
4

0.005
0.005
0.005

100
150
200

5

0.01

50

6
7
8

0.01
0.01
0.01

100
150
200

ð This parameter setting should be more
sensitive to changes (smaller λ)

ð This parameter setting should be less sensitive
to changes (higher λ)
ð This parameter setting should be more
sensitive to changes (smaller λ)

ð This parameter setting should be less sensitive
to changes (higher λ)

Figure 38 shows sensitivity analysis results of the local traffic prediction on change detection
in data distribution, where bars within each monthly slot represent experiments in consecutive
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order. Sensitivity results are presented as the error interquartile-range [25% to 75%] and the
mean for monthly error aggregates, as shown in Figure 38. The time step for the system
update is set to weekly as in the previous experiments to keep consistence in the sensitivity
analysis assessment. In this way prediction statistics are updated with new observations on
the weekly basis, the models’ parameters are updated, and rules are expanded or removed
along with the changes in the rulesets’ structure. Results indicate that local traffic prediction
error tends to increase when the change detection parameters are set to be more sensitive to
changes in data. Although detection of even small traffic disturbances can be achieved with
smaller values of lambda parameter, it can result in frequent change of the decision structure
and thus in higher error propagation.

Figure 38. 60-min traffic volume prediction error for the main corridor in Santander.

The performance of the traffic prediction over the one year period in 2016, and for each defined
scenario is quantified and summarized for key statistical performance indicators in Table 9.
Among the experiments, there are slight differences in prediction quality. However, method
with more sensitive change detection schema has a slightly higher error due to the higher
false alarm rate and its derived changes in the ruleset structure.
Table 9. Traffic prediction reliability for the main corridor in Santander: statistical performance indicators

1
2
3
4
5
6
7
8

γ
0.005
0.005
0.005
0.005
0.01
0.01
0.01
0.01

Deliverable 4.3

λ
50
100
150
200
50
100
150
200

Min (10-14)
2.22045
2.22045
2.22045
2.22045
2.22045
2.22045
2.22045
2.22045

1st Qu.
6.22348
6.03351
6.01471
6.01801
6.20833
6.02903
6.01234
6.02329

Median
14.41864
13.98601
13.92763
13.92857
14.36674
13.94776
13.92576
13.93750

Mean
25.98137
25.42817
25.35305
25.35631
25.91603
25.40751
25.35100
25.35161

3rd Qu.
33.11449
32.21608
32.10870
32.08450
32.95562
32.17066
32.06468
32.08931

Max.
100.0
100.0
100.0
100.0
100.0
100.0
100.0
100.0
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4.3

Traffic prediction feedback to use case cities

Loop detectors are the most abundant source of traffic data in use cases, but loop data are
often missing or invalid. Missing values occur when there is communication error or hardware
breakdown. A loop detector can fail in various ways even when it reports values. Even under
normal conditions, the measurements from loop detectors are noisy; they can be confused by
multi-axle trucks, for example. Bad and missing data samples present problems for traffic
prediction algorithms that use these data for analysis. Therefore, we need to detect when data
are bad and discard them, and impute bad or missing samples in the data with “good” values,
preferably in real time. The goal of detection and imputation is to produce a complete grid of
clean data and to provide a feedback to use cases to ensure improvements in data collection
in Phase 2.
Santander is the use case with the most complete data, having traffic volume, occupancies
and speed collected from the loop detectors. While data available in Birmingham use case are
very spatially scarce with only traffic volume observations from detectors in the network. In the
Turin metropolitan area use case, traffic data such as traffic volume and speeds were available
for a period of only 3 months which limits the scope and range of experiments. Note that this
data feedback refers to data sets collected in each use case when the initial evaluation task
started. Since then, extensive data collection has been undertaken and this data will be used
in Phase 2 of the project.
Table 10. Overview of data availability over each use case

Data pre-processing
rules to filter faulty data
Fixed: time-series
consistency (gaps and
duplicates)
Filtered: negative values
Filtered: high absolute
values
Filtered: high relative
values
Filtered: observations with
mismatch between
occupancy=0 and flow>30
Filtered: IDs with no data
(i.e. missing data threshold
above: 95%)
Imputation: recovering
missing data averaging
(median) by moving
window [5 min]
Aggregating: time [min]: 15
Filtered: IDs with not
enough complete time
series (min ratio: 50%)
with enough data (i.e.
missing data threshold
below: 75%)

Volume
[veh]

Occupancy
[%]

Speed
[km/h]

Volume
[veh]

Speed
[km/h]

Birmingha
m
2016-01-01
to
2017-01-01
Volume
[veh]

0.94

0.94

0.94

61.43

61.43

18.89

0.94

0.94

0.94

61.43

61.43

18.89

1.74

0.94

0.94

2.21

1.14

1.14

61.93

61.84

18.89

7.21

6.14

1.14

61.93

61.84

18.89

7.21

6.14

1.14

61.93

61.84

18.89

-

-

-

56.86

56.83

-

-

-

-

59.5

54.38

27.66

7.21

6.14

1.14

22.43

12.59

26.56

Santander

Turin

2016-01-01 to 2016-12-31 23:45:00

2017-01-01 00:05:00 to
2017-03-26 23:55:00

18.89

Table 10 reflects the fraction of discarded data from traffic detection sensors in each use case,
where the lower values are preferable. Data pre-processing rules to filter faulty data for traffic
prediction clearly reveals that data quality, especially regarding the data time-series
inconsistency ratio, should be improved for traffic prediction needs. This is especially
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important in the Turin metropolitan area use case, where data are collected in inconsistent
time-series or missing due to detector malfunction, resulted in their discard from the
experiments. Santander use case represents so far, the best-case since there are the three
fundamental traffic measures (volume, occupancy and speed) available, the time span is over
one year, and the spatial coverage is not highly dense but it is well spread along the road
network.

4.4

Discussion

Traffic data collected during the Phase 1 have been used to evaluate local vehicular traffic
prediction in three use cases. The method has been proven to be robust to challenging and
various data availability in the three use cases, such as scarce spatial coverage, short time
data coverage or misdetection of data. Moreover, it has been shown how the system can start
from scratch and build a predictive model over time with more incoming data as in a data
streaming scenario. The method is applicable in a real-time scenario as it has not a high
computational cost.
The three sensitivity analyses show that the system is robust to changes in its initial
parameters. In the case of the spatial visibility it is better to let the method automatically decide
the best spatial correlations for more reliable traffic predictions. The virtual buffer to show new
data to the system should not be set very long, but it is not necessary to set it in real-time.
Finally, the test concerning the sensitivity to changes in the data distribution reveals that a
very sensitive schema should be avoided to not change the learned structure so often, but
there are not huge differences.
One of the key findings of this evaluation study is that quality and quantity of the data is more
important for the local traffic prediction than the spatial coverage of the data. Data quality could
be improved overall to avoid the high missing data ratio, but the most critical point would be
to have more time coverage in the case of Turin metropolitan area, and more spatial coverage
in the case of Birmingham city. Another processed data source could be added to check if
they improve the performance when creating the rules and discovering spatiotemporal
patterns: weather data, more spatial coverage through floating car data, etc. Evaluation study
revealed data critical points in the use cases that will be used to enhance data collection in
Phase 2 by redistributing the sensors, installing new sensors, or getting new data sources for
these locations to better monitor the traffic in use cases. Some of the efforts in more extensive
data collection are already on-going and will be extended further in Phase 2.

5 Evaluation of demand estimation methods
This section is focused on estimation and short-term traffic demand predictions of vehicles.
Given the data availability within SETA, we have developed robust and scalable techniques
for OD demand estimation and prediction. A sensitivity analysis based approach is also
developed to perform OD prediction along with simulation models.

5.1

Performance illustration of the demand estimation and prediction method

Prior to traffic OD demand estimation and sensitivity analysis, a Santander network has been
selected, consisting of 117 centroids and 339 detectors, presented as black dots in Figure 1.
Santander use case has been selected for sensitivity analysis since analysis of OD demand
methodologies requires availability of the calibrated network model in simulation software. As
discussed in Section 2 of this report, Santander mesoscopic network model is well calibrated
and validated in Aimsun traffic simulation software for the reproduction of traffic propagation
over the network close to reality.
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The simulation period is divided into 15 minute time intervals within a 3 hour time period (7AM
– 10AM), K = 12. The link flows obtained from the loop detectors (see Figure 1) are used to
assess the performance of the developed method per observation time interval. Note that the
trips between some of the OD pairs are not completed within one time interval due to
congestion on the network or the distance between the OD pairs. Thus, a vehicle entering the
network during a particular departure time interval might need more than one time interval to
reach a traffic detector, where the departure time interval and detection time are different. In
the chosen network, the maximum travel time between OD pairs observed on the network is
two time intervals, which leads to very sparse assignment matrices, and the number of lagged
time intervals k = 2.
For the purpose of the evaluation task, convergence of the objective function was defined as
reaching an objective function value that is three times lower than the initial value obtained
within 20 iterations. The performance of the proposed method, shown in Figure 39,
demonstrates satisfying results, since it is able to maintain the decrease of the objective
function value through iteration steps.

Figure 39. The objective function performance of the developed OD demand estimation and prediction method.

It can be noticed that objective values of the proposed approach increased in the iteration
steps 7 and 11, even the recursive step was performed to update the elements of link flow
proportions based on computed derivatives. This effect can be explained by:
• The use of gradient methods to solve the least square OD demand estimation problem.
Gradient methods assure, in the best-case scenario, convergence to a local minimum.
For this reason, even if we had the values of the exact gradient, the best that could be
aimed for would be convergence to a local minimum.
• The computation of the derivatives, that capture the relationship between OD demand
and traffic counts, is not triggered until the cost function goes up, which happens at
steps 8 and 12. For this reason, the first 7 steps are exactly the same, and at that step
the demand is already too close to the local minimum.
Next, it is important to investigate how estimated OD demand once assigned to the network
in Aimsun can produce traffic flows close to their real observations. Figure 40 provides a
performance overview of the developed method in terms of relationship between simulated
and observed traffic flows. It appears clearly from Figure 40 that developed method shows Rsquared value increase and significant reductions in RMSE and RMSN error. Results in Figure
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40b) indicate that estimated OD demand from the developed method is able to reproduce the
traffic conditions in the network, with an improvement of 59.58% compared to the initial state
before OD demand estimation.

a)

Initial state without demand estimation

b) New state with demand estimation

2

Figure 40. R for real and simulated traffic flows.

5.2

Sensitivity analysis

The RBD-FAST technique presented in D4.2 has been implemented on the initial,
uncalibrated, OD demand vector to obtain the set of OD demand vectors for sensitivity
analysis. Applying amplitude deviations on demand flows produces frequency depended data
such that each OD pair distribution will have a zigzag line shape with height between 0.5 and
1.5. In this way, the mean value of demand per OD pair is 100% of the nominal demand value,
with a variance of +/- 50%. In addition, heuristic assumptions on OD pairs selection is
employed to reduce the computation time for the sensitivity analysis. In large-scale dynamic
OD matrices, many OD pairs have small demand values. The impact of these individual OD
pairs is insignificant on the network and hence, the sensitivity analysis for each of them is
unnecessary. Therefore, a set of candidate OD pairs whose demand is higher than 30 trips
per time interval is defined on which the sensitivity analysis is applied. This assumption led to
selection of 136 out of 13689 OD pairs for the analysis. A total of N = 2000 simulations was
carried to compute the sensitivity indices by RBD-FAST technique.
5.2.1 Sensitivity analysis of the most important OD pairs
A number of approaches are available to determine which outputs are mainly driven by the
input parameters. In general, the choice of the OD pairs that have the highest impact on traffic
observations is made by visual examination of a number of different criteria. The simplest
criterion relates to plotting the sensitivity indices sorted by size, that is, by preparation of a socalled scree plot and evaluation of the plot for an elbow shape. Figure 41 presents the scree
plot of sensitivities obtained from the RMSE values as GoF measure calculated on traffic count
data from all the loop detectors for visual examination of the sensitivity indices magnitudes.
The figure here presented is based on RMSE measure since it provides the most consistent
and stable results. A sharp elbow appears at the seventh OD pair and at 100th OD pair, which
shows that the effective variance in the time series of OD demand data is far smaller than the
apparent dimensionality of the total number of OD pairs in the network, i.e. 13689.
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Figure 41. Scree-plot of first-order indices on the GEH values using traffic counts from all the detectors.

5.2.2

Sensitivity analysis of the loop detectors information during congested network state

To investigate the consequences of ignoring the marginal effect with respect to changes in
OD demand, i.e. by keeping the assignment matrix fixed through dynamic OD demand
estimation, the effect of the first 10 OD pairs has been selected for analysis. In this analysis,
we have computed the numerical derivatives using central differences method of the traffic
counts with respect to changes in these 10 OD pairs. Numerical derivatives are computed by
increasing and decreasing the demand for each OD pair by 5% over 3 replications, leading to
30 simulation runs. Figure 42 shows the comparison of the assignment matrix and derivative
values for the most dominant OD pairs.

Figure 42. Comparison of the values of the assignment matrix and the values of the derivatives per OD pair and
departure time interval.
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It is clear from the following figures that the values in the assignment matrix are not always a
good approximation of the derivative of the traffic counts with respect to changes in OD
demand. The reason for these derivatives being so large is the high congestion of the network,
as the most significant OD pairs identified belong to departure time intervals 3 and 4, i.e. 8:00
and 8:15 when congestion occurs in the network.
Another common feature that dominates in the Figure 42 is that there are many loop detectors
with assignment values equal to 0 but non-zero derivatives. These deviation points reflect loop
detectors that are not located on the routes of investigated OD pairs but are still affected when
the demand on the OD pair changes, mainly due to congestion spillback between links, time
lags due to delay during congestion, and interdependencies between crossing (or opposing)
flows encountered at intersections. For this reason, the derivatives have a bias towards
negative values along the line with assignment values equal to zero. This is to be expected
since it is very likely that increasing an OD flow will cause delays to other flows that do not
pass detectors at same time interval, hereby altering the amount of flow passing the detector
in the considered time interval and detecting many less vehicles. These results are consistent
with earlier observations in the literature (e.g. Tavana and Mahmassani (2001), Lindveld et al.
(2003), Lundgren and Peterson (2008), Frederix et al. (2013)), where assumption on link flows
separability in congested networks has been criticised.
5.2.3

Sensitivity analysis of the solution algorithm

In D4.2, the OD demand estimation and prediction problem is defined as:
𝑍N 𝑥 =

𝑦 − 𝑦N − 𝐴N (𝑥 − 𝑥N )

F

+ 𝛼 𝑥 − 𝑥R

F

(2)

where 𝑥N be the demand at step 𝑘 , and 𝐴N and 𝑦N the assignment matrix and simulated
counts given by this demand.
There are different types of exact and heuristic methods proposed in the literature that can be
employed to solve the optimization problem defined in Equation (2) with nonnegative variable
constraints to estimate OD demand. In this study, we have evaluated the performance of the
following solution algorithms to the problem defined in Equation (2):
1. Methods for derivatives computation:
a. Bounded derivatives, where we set all the values larger than 3 to 3 and all the
values less than -3 to -3, in order to make the derivatives smoother; and
b. Not-bounded derivatives;
c. Do nothing – do not compute derivatives and apply conventional method.
2. Solution approach based on:
a. Steepest descent method with the exact line search procedure proposed by
Cauchy (1847) to compute the step size; and
b. Gradient descent method with the exact line search procedure proposed by
Barzilai-Borwein (1988) to compute the step size.
Thus, we have created 5 scenarios for the sensitivity analysis:
• Scenario 1: Barzilai-Borwein method + Not-bounded derivatives;
• Scenario 2: Barzilai-Borwein method + Bounded derivatives;
• Scenario 3: Cauchy method + Not-bounded derivatives;
• Scenario 4: Cauchy method + Bounded derivatives;
• Scenario 5: Conventional method – assume fixed elements of the assignment matrix
inside of the iteration step.
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5.2.3.1 Objective function performance analysis

Table 11 shows a summary of the objective function values computed for each solution
approach, presenting in every case the minimum corresponding value of the objective function
(the initial value of the objective function is 7.6x10^6):
Table 11. Objective function value per solution approach.

Rate of deviation = 0.90
Bounded derivatives
Not bounded derivatives
Do nothing – fix assignment

Gradient descent method
(Barzilai-Borwein), x10^6
2.43
2.45
2.47

Steepest descent method
(Cauchy) x10^6
1.42
1.43
1.40

Table 11 show that using the steepest descent method gives better results than using the
Barzilai-Borwein step size. It also shows that solution approaches are not sensitive to the
method selected to compute derivatives. In addition, we have compared the performance of
the solution algorithms with conventional method in practice that is independent of the
congestion of the network. Results indicate that the steepest descent and conventional
method (do-nothing) converge to the close local minimum. This can be explained by the fact
that the derivatives are highly non-smooth, as the network is highly congested. This is a good
indicator of the importance for practitioners and researchers to ensure that any network model
is well calibrated and captures the congestion at verified locations in the network.
5.2.3.2 Reliability analysis of the estimated demand
Next, it is important to analyse reliability of the estimated demand in each scenario by
examining how estimated OD demands once assigned to the network in Aimsun can produce
traffic flows close to reality. Figure 44 provides a performance overview of the different solution
approaches for the developed method in terms of the relationship between simulated and
observed traffic flows. It appears clearly from Figure 44 that developed method solved by the
steepest descent method with the exact line search procedure proposed by Cauchy (1847) defined in Scenarios 3 and 4 - shows R-squared value increase and significant reductions in
RMSE and RMSN error. Results in Figure 40c) and d) also indicate that developed method is
not sensitive in computing derivatives.

a)

Scenario 1

b) Scenario 2

2

Figure 43. R for real and simulated traffic flows.
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b)

Scenario 3

d) Scenario 4

2

Figure 44. R for real and simulated traffic flows.

5.2.3.3 Computation time analysis
Note that initial idea in WP4 has been to solve the computational complexity of the OD demand
estimation problem for real time applications while maintaining reliable estimation results in
the congested networks. Therefore, in Table 12 we show the run time and number of Aimsun
simulation runs for each of the tested methods (i.e. constant and computed elements of the
assignment matrix) in the Santander network. The simulations have been run by Aimsun and
the retrieval of the data, as well as the gradient methods have been implemented in Python.
Table 12. CPU computation time and the number of the DTA simulations in Aimsun

CPU time

No. of
assignment
simulations

Aimsun
simulation time

Demand
estimation time
(Python)

Conventional method
Scenario 5

20

1h 00min

0h 37 min

Proposed method
Scenario 1

58

2h 54min

1h 46min

Proposed method
Scenario 2

82

4h 06min

2h 00min

Proposed method
Scenario 3

62

3h 24min

1h 40min

Proposed method
Scenario 4

124

6h 12min

1h 50min

Table 12 reports that conventional method requires the least number of simulation runs
compared to developed method. This can be explained by conventional algorithm based on
the linear approximation of the assignment matrix, that requires one Aimsun simulation
evaluation in each iteration, compared to proposed method that requires three simulation
evaluations for each OD pair within one iteration step to compute the numerical derivatives.
As a result, the gain in terms of run times obtained by the use of a linear assignment matrix
approximation is large, but with a trade off on the lower quality of estimation results. The
developed method calculates derivatives for the subset of the OD pairs when deterioration of
the objective function is observed in contrast to the conventional method that evaluates
objective function only once per iteration step. Furthermore, this computational time gain as
well as prediction error is expected to increase for larger and more complex networks. These
times have been obtained by running Aimsun software and Python on a DELL Latitude E6430
with processor Intel Core i5-3320M, and 2.6 GHz memory.
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Results and discussion

The common approach usually adopted in dynamic OD demand estimation and prediction
consists in solving an optimization problem in which the distance between observed and
simulated traffic conditions is minimized by assuming the relationship between OD flows and
traffic observations independent of traffic conditions in the network. This approach has severe
shortcoming as it does not take into account the impact of demand flow variation on traffic
observations in congested networks. Modelling of non-linear relationship between traffic
observations and OD flows, and its dependency on variations in OD flows has been identified
by many researchers as a key challenge in the estimation and prediction of a high-quality OD
matrices. OD demand estimation and prediction method have been developed to solve the
high-dimensionality of nonlinear OD estimation problem by computing the derivatives only for
the most significant OD pairs with respect to traffic observations that allows the modeller to
control the trade-off between simplicity of the model and the level of realism. The technical
details of developed traffic OD demand estimation and prediction method have been detailed
in D4.2 and here, we have presented the performance results of the method for Santander
use case.
An elaborate sensitivity analysis of the developed method has been performed on real, largescale use case of Santander. Santander use case has been selected for sensitivity analysis
since analysis of OD demand methodologies requires availability of the calibrated network
model in simulation software. Calibration and validation results presented in Section 2 clearly
indicate that Santander network model in Aimsun is well calibrated such that simulation of
traffic behaviour in the network is close to reality.
Several specific solution approaches that differ in the assumptions on the link-flow proportions
derivation and solution algorithms were used in the performance evaluation of the developed
method. From the results presented in this section we can conclude that developed
methodology captured the effect of congestion in the network resulting in the improvement of
59.58% in the estimation of the link flows compared to the initial state. Furthermore, sensitivity
analysis results show that solution approach of OD demand problem based on steepest
descent method with non-bounded computation of derivatives outperform other solution
approaches. This can be explained by the fact that the derivatives are highly non-smooth, as
the network is highly congested. This is a good indicator of the importance for practitioners
and researchers to ensure that any network model is well calibrated and captures the
congestion at verified locations in the network. Note that initial idea in WP4 has been to solve
the computational complexity of the OD demand estimation problem for real time applications
while maintaining reliable estimation results in the congested networks. Sensitivity analysis
indicates that conventional method requires three times less computation time compared to
developed method. However, the gain in terms of run times obtained by the conventional
approach is large but with a trade off on the lower quality of estimation and prediction results.
It can be expected that error propagation will increase for larger and more complex networks.
We show that deriving non-linear relationship between OD demand and traffic counts for the
subset of the OD pairs in proposed solution approach to estimate dynamic OD demand for
large-scale networks will lead to computational efficiency with a guaranteed improvement in
result’s accuracy. An improvement of the method in Phase 2 will focus in two directions: 1)
identification and definition of the optimal number of OD pairs to compute the first Taylor
approximation such that the computational efficiency, results accuracy and state observability
are satisfied; 2) adaptation of the model when additional data from other WPs and traffic
sensors (i.e., speeds, density, demand derived from floating car data) are available to improve
the quality of the estimated and predicted OD demand. Depending on the objectives of Turin
and Birmingham use cases, further effort can be put into traffic demand estimation and
prediction for these use cases in Phase 2.
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6 Closing Remarks
This report details the performance evaluation of a range of methods for generating local and
network-wide traffic flows and travel demand predictors, for private vehicular traffic. In addition,
the calibration and validation of the underlying traffic network models for the two use cases
involved in the SETA project are detailed.
Results from one of the cases, Santander, was used as part of the local and network-wide
traffic and demand prediction methodology section for detailed sensitivity analysis
demonstration. Developed methods have been evaluated with detailed scenario
considerations in sensitivity analysis to demonstrate each method’s robustness and scalability
for handling large data sets and large-scale applications. In performance assessment,
methods have been compared with corresponding conventional methods used in practice to
identify and demonstrate achieved significant improvements.
The initial evaluation task’s main findings can be summarized as follows:
• Calibrated and validated network models were successfully developed within the
initially allotted use case’s scopes.
• Birmingham network model has been developed, calibrated and validated with open
data sources (e.g. open street data, BCC open traffic data, Floow data). Although this
process is more time consuming, compared to more common calibration and validation
practice used in Santander network model development, we have shown that open
data sources are valuable inputs to build network models.
• For the network-wide vehicular traffic prediction, quality and coverage of the data is
more important than the quantity of the data.
• For the local vehicular traffic prediction, quality and quantity of the data is more
important than the spatial coverage of the data.
• For the traffic OD demand estimation and prediction, identification of the subset of the
key OD pairs in a large-scale network and their in-depth estimation will lead to
computational efficiency with a guaranteed improvement in prediction result’s
accuracy.
• Evaluation study revealed data critical points in the use cases that will be used to
enhance data collection in Phase 2 by redistributing the sensors, installing new
sensors, or getting new data sources for these locations to better monitor the traffic in
use cases. For Santander, it is more important to monitor the critical points in the city
that are congested rather than monitoring the locations where naïve prediction based
on speed limit is sufficient. For Turin, the next step would be to test and improve the
model with more data in order to assess if the model captures the seasonal traffic
dynamics as well. Higher spatial coverage of traffic detection in Birmingham will help
in capturing the network dynamics. Some of the efforts in more extensive data
collection are already on-going and will be extended further in Phase 2.
• An improvement of the methods in Phase 2 will focus in two directions: 1) further
identification and development of the optimal, “learning”, parameter sets in the
prediction methods such that the computational efficiency and prediction accuracy are
satisfied; 2) adaptation of the prediction methods when additional data from other WPs
and traffic sensors (i.e., speeds, density, demand derived from floating car data) are
available to improve the quality of the estimated and predicted supply and demand.
The methods developed so far and evaluated in this deliverable will be extended and refined
during the course of the Phase 2 of the SETA project. The prediction methods will be extended
to cope with ‘big data’ streams. A learning mechanism for updating the prediction techniques
based on data streams will be developed to account for recurrent patterns. The data used for
generating and validating predictions will be enriched with data collected using new social and
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physical passive, participatory and opportunistic sensing available from WP2 and fused to
generate state estimations in WP3. The predictions generated in this WP4 will feed into the
large-scale visual analytics and decision making developed in WP5.
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