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k-means

Given:
Partition them into k << m groups 

~x1, ~x2, · · · , ~xm 2 Rn

0) Guess cluster centers to initialize
1)  Group points around nearest center
2)  Update cluster centers by averaging within group
3)  If centers have changed, repeat 1-3
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k-means 1D example n = 1,m = 8, k = 2
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General k-means Algorithm

0) Initialize k cluster centers ~m1, ~m2, · · · , ~mk

1) Assign points to cluster:  point     goes to cluster 
    if,  

~x i

||~x� ~mi|| < ||~x� ~mj || 8j 6= i

2) Let      be the set of samples in cluster  
     recompute cluster centers:

iSi
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3) If any      has changed, repeat 1-3mi
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Objective Function

Find the clustering of                     into sets  
which minimizes:
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||~x� µ
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~x1, · · · , ~xm S1, · · · , Sk

While the algorithm decreases the objective, the 
objective is non-convex and can be stuck on local 
mimima.
General problem is N-P Complete
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a b s t r a c t

A high-resolution (HR) data system for an intersection collects the location (lane), speed,
and turn movement of every vehicle as it enters an intersection, together with the signal
phase. Some systems also provide video monitoring; others measure pedestrian and
bicycle movements; and some have vehicle to infrastructure (V2I) communication capabil-
ity. The data are available in real time and archived. Real time data are used to implement
signal control. Archived data are used to evaluate intersection, corridor, and network
performance. The system operates 24! 7. Uses of a HR data system for assessing intersec-
tion performance and improving mobility and safety are discussed. Mobility applications
include evaluation of intersection performance, and the design of better signal control.
Safety applications include estimates of dilemma zones, red-light violations, and
pedestrian–vehicle conflicts.

! 2016 Elsevier Ltd. All rights reserved.

1. Introduction

Poor management of intersections causes excessive delay and more frequent crashes. Conditions are worse in cities expe-
riencing rapid growth in automobile ownership, but mature cities also face challenges as road capacity is taken away from
vehicles to accommodate increasing bicycle and pedestrian traffic. Management today is handicapped by insufficient data. It
can be more effective if it is based on high-resolution (HR) real-time data about the movement of vehicles, bicycles, and
pedestrians. ‘‘If you don’t know what’s happening on your roads, don’t expect to manage them well” is a truism.

A basic HR system should collect the location (lane) and speed of every vehicle as it approaches and enters the intersec-
tion, together with the signal phase. Some intersections may have video cameras for purposes of surveillance and enforce-
ment, and these cameras can also be used to calibrate algorithms that process the raw HR data to estimate the traffic state.
The system may have sensing capability beyond vehicle detection: there may be pedestrian occupancy sensors at cross-
walks; sensors that count the passage of bicycles in designated lanes; sensors that classify vehicles (passenger cars vs trucks
or buses); sensors that capture Bluetooth or WiFi addresses from radios in devices within the vehicles; and sensors that
detect if a parking space is occupied.

http://dx.doi.org/10.1016/j.trc.2016.02.017
0968-090X/! 2016 Elsevier Ltd. All rights reserved.
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Urban traffic varies over time and space. Efficient management requires control of the infrastructure that quickly predicts
and reacts to this variable traffic. So the HR data system must operate 24! 7. The data must be available in real time and
archived for performance assessment and planning control strategies. This paper describes uses of a HR system for intersec-
tion management.

1.1. Urban traffic control in the U.S.

Urban traffic in the U.S. is regulated by 300,000 signalized intersections, whose performance is determined by their signal
control algorithms. The performance is poor: the 2012 National Transportation Operations Coalition (NTOC) assessment of
traffic signal control gives an overall grade of D+ (National Traffic Operations Coalition, 2012). Ninety percent of the signal-
ized intersections use fixed time of day (TOD) plans, which are re-timed once in five years, based on three days of manual
data collection. These traffic snapshots and the timing plans based on them completely miss the variability in the traffic to
which the plans should adapt. Moreover, the infrequent snapshots do not permit the operating agencies or the public to
determine whether the road network is performing well or poorly.

The 2007 NTOC report (National Traffic Operations Coalition, 2007) gives U.S. cities a grade of F for traffic monitoring and
data collection. The report estimates the investment needed to maintain grade A at $3 per household, resulting in savings of
$100 per year. These are major benefits, and known signal control algorithms can achieve these benefits. But current traffic
detector deployments are too limited in spatial coverage and temporal granularity to provide the information these algo-
rithms require.

The NCHRP report (Dowling and Ashiabor, 2012) found 98 percent of agencies use qualitative rather than data-driven
techniques to determine the need for plan changes in TOD systems. The report is devoted to traffic signal operations and
timing plans in the face of variability in demand and saturation rates. The report describes methodologies for robust oper-
ations, but observes that this ‘data-rich’ approach can today be followed only by ‘‘three dozen or so agencies in the United
States capable of routinely collecting and archiving second-by-second advanced detector volume and occupancy for
extended periods of time (on the order of one full year).”

Fixed-time controllers provide ‘‘walk/don’t walk” signals for pedestrians at marked crosswalks; actuated signals may also
provide push-buttons. However, virtually no city collects data on pedestrian crosswalk use and the extent of conflict
between pedestrians and certain vehicle turn movements (e.g. ‘right turn on red’). The absence of data prevents management
to focus on safety. This lack of attention is costly. According to NHTSA (2010) 40 percent of nearly 6 million crashes in 2008
occurred at intersections, of which 7421 were fatal crashes and 733,000 involved injuries. The detailed study by New York
DOT (2010) estimates that traffic crashes cost the city $4.29 billion annually, and pedestrians accounted for 52% of traffic
fatalities during 2005–2009. Red-light and speeding violations are safety hazards, even when they don’t result in crashes.
Such violations are almost never measured, although knowing the frequency of these violations may suggest modifications
in the signal plan or enforcement initiatives to reduce the frequency. Some red-light violations may be due to drivers finding
themselves in a dilemma zone, whose presence and extent can only be determined from HR data.

Provisions for pedestrian crossings began in the early 1900s. But demand for exclusive bicycle lanes (as well as for transit
vehicles and taxis) only recently became politically effective in the U.S. Again there is a virtual absence of data on bicycle

Fig. 1. HR system in Danville, CA.
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Traffic Patterns

What would k-means cluster to?
K = 2?
K = 4?

days
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The procedure described above to design the splits for time interval Ti uses only the average counts !li in that interval. But
the HR system provides real time counts, which one could use to predict future volume. These predictions could be used to
adapt the splits to take the predicted traffic into account. We use a principal component analysis (PCA) for prediction. To
illustrate the idea consider the North–South through movement (see Fig. 4), averaged over 15 min, for an entire day for
164 weekdays during Dec 2014–May 2015. Each day d gives a 96 ¼ 4" 24 dimensional vector, vðdÞ, from which we subtract
the average !v ¼ 1

164

P
dvðdÞ. We perform a PCA of the vectors xðdÞ ¼ vðdÞ % !v . Fig. 8 displays the average, !v , and the top four

principal components, as well as the PCA weights of each component, which rapidly decrease beyond four. Denote these
components by x1; x2; x3; x4. Then the count vector vðdÞ for any day d is represented as

vðdÞ ¼ !v þw1ðdÞx1 þw2ðdÞx2 þw3ðdÞx3 þw4ðdÞx4 þ !ðdÞ; ð1Þ

where thewiðdÞ are the coefficients of the orthogonal projection of vðdÞ % !v on the ‘basis’ vectors x1; x2; x3; x4 and !ðdÞ is the
residual.

Fig. 5. Clustering of daily data for Dec 2014 to May 2015 in an intersection in Beaufort, SC.

Fig. 6. Clustering of hourly data for Dec 2014–May 2015 in an intersection in Beaufort, SC.

106 A. Muralidharan et al. / Transportation Research Part C 68 (2016) 101–112



EE16B M. Lustig,  EECS UC Berkeley

3.1. Wasted green and max waiting time

Fig. 9 (left) is the histogram of wasted green in phase 4 within a cycle, defined as the time during which this phase is
actuated and there is no vehicle present, but there is a vehicle waiting for the actuation of another phase. The histogram
on the right is the maximum time a vehicle is waiting at the stop bar for the phase to be actuated. The histograms show that
the median wasted green time per cycle is 6 s, and the median max wait time is 20 s; about 10% of cycles inflict a very large
wait time, which may cause driver complaints.

3.2. Purdue coordination diagram (PCD)

The HR time series can be used to measure the quality of traffic progression at an intersection, and subsequently for signal
offset re-timing calculations in order to coordinate signals at multiple traffic intersections to ensure smooth progression.

Fig. 10 is the Purdue Coordination Diagram (PCD) (Bullock et al., 2008). It is a visual representation of the quality of traffic
progression through the Danville intersection. It displays the histogram and the cumulative distribution function (CDF) of
vehicle arrivals at the intersection relative to the beginning of the green signal for a chosen time interval (in this case,
the morning peak, 7 am–10 am). The plots immediately reveal the percent arrivals on green and vehicle waiting time –
two important metrics characterizing traffic progression. The PCD shows that 60 percent of vehicles from the East and 40
percent from the West arrive on red and have to wait at the intersection.

4. Safety

We describe applications of HR data from the Danville intersection to assess moving violations, near crashes, and
pedestrian–vehicle interaction.

4.1. Moving violations

Measurements of a vehicle’s movement, its speed, and the signal phase, allows one to determine if its driver is making a
moving violation. Three violations compromise safety: the vehicle is speeding, running a red light, or making a right turn on
red (RTOR) without stopping.

Fig. 11 plots vehicles that leave the stop bar around the time the signal transitions through yellow before turning red. (The
yellow signal in the Danville intersection lasts 3 s.) Vehicle speeds are plotted against the time of intersection entry, relative
to the yellow signal start time. The speed measurements are quantized because of the detectors finite sampling frequency:
the estimates are accurate to within ±3 mph for speeds under 20 mph but higher speeds have larger quantization errors. The
red circles in Fig. 11 (top) capture five vehicles driven dangerously across the intersection at high speed within 3 s after the
signal turns red—a rate of one violation per hour in the east direction. The high speed suggests that drivers find themselves in

Fig. 8. Four PCA components of the North–South through movement and the average. The x-axis is hours.
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